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Abstract

The consensus among central bankers is that higher inflation expectations can drive
up actual inflation. We assess this by devising a novel method for identifying shocks to
inflation expectations, estimating a semi-structural VAR where an expectation shock is
identified as that which causes measured forecasts to diverge from the rational expec-
tation. Surprisingly, using data for the United States we find that a positive inflation
expectation shock is contractionary and deflationary: output, inflation, and interest
rates all fall. These results are inconsistent with the standard New Keynesian model,

which predicts inflation and interest rate hikes.
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1 Introduction

“The 1970s saw two periods in which there were large increases in energy and
food prices, raising headline inflation for a time. [...] One likely contributing
factor was that the public had come to generally expect higher inflation—one

reason why we now monitor inflation expectations so carefully.”
Jerome Powell, August 27, 2021E|

Central bankers take great interest in inflation expectations. The concern — as illustrated
by the quote above — seems to be that expectations of inflation tomorrow can in their own
right drive inflation today, necessitating higher interest rates and lower output to stabilize
prices.

But what are the macroeconomic effects of shifting inflation expectations? Despite all
the concern, the effects are not well understood. At its core, this is due to a challenging
identification problem. Inflation expectations may change exogenously, or they may change
endogenously in response to other fundamental macroeconomic shocks. This paper disen-
tangles the former from the latter. To this end, we address the following three questions.

First: what do we mean by shocks to inflation expectations? We define them as stochas-
tic shocks that cause departures from rational expectations, which we refer to as “inflation
sentiments”ﬂ We focus on this type of shock for two reasons. One is that we think that
this is the closest formalization to what policymakers have in mind. There are many types
of mistakes that agents might make when predicting the future — e.g. mis-forecasts about
endogenous variables, policy rules, or underlying states — and so long as these mistakes are
mean-zero, these will manifest in our framework as an inflation sentiment, which is any
deviation of inflation forecasts from the rational expectation. The second reason is that
these shocks are just a small departure from the most standard theory — full information
rational expectations — and that theory says that such shocks are important for business
cycles. More generally, a large literature shows that measured inflation expectations are

broadly inconsistent with full information and rational expectationsﬂ And standard theory

!Speech at Jackson Hole, https://www.federalreserve.gov/newsevents /speech /powell20210827a.htm

2To clarify terminology: we use “inflation expectations” as a general term used for more casual discussions,
say of economic intuition or broad policy debates. We reserve the term “inflation sentiments” for narrower,
more technical usage, meaning specifically the difference between economic agents’ inflation expectations
and the mathematical conditional expectation of inflation. This more general settings, this is sometimes
referred to as a “belief distortion”. When we say “sentiment shocks” we mean the exogenous unforecastable
innovations to the inflation sentiment.

3Examples from the literature include: upward bias in firms’ and households’ inflation forecasts (Candia
et al.| |2021), variation in the bias by income level (Bruine de Bruin et al., 2010); for households and
by industry for firms (Savignac et al., [2021); large disagreement in forecasts (Mankiw et all [2003)); large
uncertainty about future inflation (Binder, 2017); poor understanding of recent inflation (Jonung, [1981);



predicts changes to inflation sentiments are inflationary. Yet, no work identifies and mea-
sures the macroeconomic impact of these shocks in a model-agnostic way. This paper aims
to fill that gap[]

Second: how can we measure shocks to inflation expectations? We derive a novel strat-
egy for identifying sentiment shocks and quantifying their macroeconomic effects. The chal-
lenge is that, because they affect fundamentals, sentiment shocks affect both the rational
and non-rational components of expectations. To differentiate these effects, we estimate a
vector autoregression (VAR) which includes both inflation and reported inflation forecasts.
We then identify the inflation sentiment from the variation in the data where forecasted
inflation departs from the conditional expectation of inflation. Because a VAR is a machine
for estimating conditional expectations, we can use the reduced-form impulse responses as
the cross-equation identifying restrictions that isolate the inflation sentiment shocks. This
is a semi-structural VAR, identifying one shock: the inflation sentiment. We also show that
this approach can be generalized to identify multiple sentiment shocks from a VAR with
multiple forecasts and, under some extra assumptions, distinguish between them. We derive
in closed form the estimator for the impulse response of these shocks, so that the method
can be easily implemented.

This method is unique in its ability to isolate sentiment shocks from other forces that
affect expectations. This includes news shocks — information about the about future fun-
damentals E| — and noise shockéﬁ — the errors in noisy signals about fundamentalsm To
prove this point, we simulate a standard New Keynesian model with noise and news shocks,
as well as shocks to productivity, and preferences, and sentiments about inflation, output,
and productivity. Running our method on the simulated data validates our approach, as it
recovers the sentiment shocks, even in small samples. Although in our empirical application

we focus on using this method to identify inflation sentiments, the version with multiple

and underreaction to relevant news (Coibion and Gorodnichenkol [2015a). [Weber et al.| (2021)) survey the
literature and argue that “the precise mechanisms through which inflation expectations affect decisions...
remain ambiguous.”

4There is also a long, mostly theoretical literature on the impact of rational but non-fundamental inflation
shocks, often termed “sunspots”, including |Kydland and Prescott| (1977)), |Clarida et al.| (2000)), [Benhabib et
al.| (2001b), and |[Benhabib et al|(2001a). Our focus on the non-rational component of inflation expectations
is a complement to rather than a substitute for this analysis.

Papers such as |Cochrane, (1994)), Beaudry and Portier| (2006), and [Beaudry and Lucke, (2010) estimate
VARs that imply news plays a large role in the business cycle. |Beaudry and Portier| (2014) survey the
evidence.

SFor mixed evidence on the importance of noise shocks, see for example Barsky and Sims| (2012), [Blan-
chard et al.| (2013), [Forni et al.| (2017al), [Forni et al.| (2017b)), (Chahrour and Jurado| (2018]), |Gazzani| (2020)),
or (Chahrour and Jurado| (2022).

"More generally, our sentiment shock is orthogonal to any other shock to which agents respond with
rational expectations. This includes sunspots that produce rationally self-fulfilling equilibria (Clarida et al.
2000) and errors due to learning from small sample data (Farmer et al.,|2021). The latter case we explicitly
address in Section @



sentiments has broader applications, such as identifying as shocks to expected future GDP
growth.

Third: what are the macroeconomic consequences of shocks to inflation expectations?
We document that sentiment shocks are important drivers of business cycles, but have
macroeconomic impacts that are inconsistent with the standard New Keynesian framework.
Using data from the United States since the early 1980s, we identify shocks to household
inflation forecasts, which we estimate drive only about a fifth of volatility in inflation and
interest rates, and more than a third for production. Next, we show that the response of the
macroeconomy to a positive realization of the structural shock to inflation sentiments is,
somewhat surprisingly, deflationary: inflation falls and, despite monetary policy loosening,
output declines. We also show that these results hold no matter whether we use household,
market, or professional forecasters’ expectations. This is a puzzle because the New Key-
nesian model has an expectations multiplier larger than one. In contrast, our estimated
multiplier is negativeﬂ

Our empirical work contributes to a growing empirical literature that attempts to iden-
tify sentiments in aggregate time series. How do our findings contrast from existing results?
The most closely related work is by |Leduc et al. (2007) and Leduc and Sill (2013)) which
identify shocks to expectations in a VAR with traditional causal ordering. In their main
specification expectations are ordered first, so their identifying assumption is that the ex-
pectation shock is the only contemporaneous shock that affects forecasts. One drawback
of this approach is that other primitive shocks could cause contemporaneous variation in
expectations. For example, a productivity shock will affect expectations of future output
gaps and thus inflation. And so a standard recursive ordering will misattribute this as an
expectations shock. Our work disentangles these channels.

Our baseline results are at odds with the Leduc et al.| (2007) approach, which finds that
expectation shocks are inflationary and expansionary. The justification for that approach
is that agents do not observe shocks when they occur, but only with a delay, because
macroeconomic data are not publicly released immediately. We reproduce these findings
and reconcile our results: if we assume that agents observe most series with a delay, but
can immediately observe high-frequency series such as interest rates and commodity prices,
then we still find that shocks to inflation expectations are deflationary and contractionary.
However, this should not be interpreted as a criticism of |[Leduc et al. (2007). Rather,

their results offer a resolution to the puzzle that we document: if forecasters do not pay

8We use the term “expectations multiplier” to refer to the response of 12-month inflation to a shock to
year-ahead inflation expectations. This is distinct from the “expectational-passthrough” studied by |[Werning
(2022)) in two respects. First, our multiplier is the effect of expectations on future realized inflation over the
same horizon, while Werning’s passthrough is the effect on contemporaneous inflation. Second, the multiplier
captures additional general equilibrium effects beyond the direct partial equilibrium effect measured by the
passthrough.



attention to contemporaneous time series, then shocks to inflation expectations have the
signs predicted by the New Keynesian model.

In recent complementary work, Ascari et al.| (2023) study precisely the same type of
shock that we explore: a stochastic distortion to agents’ inflation expectations. They ex-
plore how these shocks affect a medium-scale DSGE model, which shares the qualitative
predictions from our simple New Keynesian model. Then, they estimate the shock effects in
a VAR identified with the sign restrictions implied by the DSGE model. Consistent with our
results, they find that the shocks are contractionary. But in contrast to our model-agnostic
VAR, they do not find evidence of a deflationary effect.

Researchers have applied alternative identifying assumptions to isolate sentiments from
other other shocks that might affect forecasts. Two approaches are most closely related to
our own. First, Levchenko and Pandalai-Nayar| (2020) use a structural VAR to jointly iden-
tify TFP surprises, news about future TFP (following |Barsky and Sims| (2011))) and shocks
that affect expectations, which they label the sentiment. Their identification assumption
is that the sentiment is orthogonal to the TFP and news shocks, and otherwise maximizes
forecast errors. They find that the sentiment shock is expansionary and drives a majority of
short-run business cycle fluctuations. A drawback of their identification is that sentiments
cannot necessarily be distinguished from other forces that move expectations orthogonal to
TFP and news, such as discount factor shocks. Our method allows for such identification.
Second, (Chahrour and Jurado| (2022) use a non-causal VAR to identify changes to TFP
forecasts that are orthogonal to productivity at all horizons, and show that these “expecta-
tional disturbances” explain a large share of business cycle volatility. Shocks identified this
way may include sentiments, but also noise shocks to which agents respond with rational
expectations. Again, our identification approach can separately identify sentiments from
noise or other shocks. Finally, a broader empirical literature studies “sentiments”, although
typically they are not cleanly identified as deviations from rational expectations. Work in
this literature mainly focuses on shocks to expectations about future TFP or GDPE whereas
our work explicitly identifies non-rational shocks to inflation expectationsm

Our work also connects to a long literature on the macroeconomic effects of inflation

90ther strategies abound. Some papers estimate sentiments as shocks to measured consumer confidence,
including Barsky and Sims| (2012) and [Feve and Guay| (2019)); these approaches typically find little role
for their identified shocks to contribute to business cycles. |Clements and Galvao| (2021) use GDP data
revisions to isolate expectation shocks. [Lagerborg et al.| (2020) use mass shooting fatalities to instrument for
sentiments. Papers such as Milani| (2011) and [Milani| (2017)) use the structure of DSGE models to identify
sentiment shocks. More generally, |Angeletos et al.| (2020) show that the main shock driving business cycles
is nearly orthogonal to productivity.

Y0A larger literature documents that the full information rational expectations (FIRE) hypothesis fails
for inflation forecasts in general. For example, |Coibion and Gorodnichenkol (2012) and |Coibion and Gorod-
nichenkol (2015a)) document that consensus SPF inflation forecasts underreact to news, while |Bordalo et al.
(2020) estimate that individual forecasters overreact.



expectations. This has typically focused on evaluating the empirical properties of expec-
tations in the New Keynesian Phillips Curve (NKPC). In contrast, we identify structural
shocks to expectations and characterize their general macroeconomic effects. One strand
of this literature focuses on the relative importance of past versus future expected infla-
tion in determining prices. See, for example, (Gali and Gertler| (1999), Rudd and Whelan
(2005), and [Rudd and Whelan (2006)). In another strand, [Roberts (1997) and |Adam and
Padulal (2011)) show that the empirical New Keynesian Phillips Curve (NKPC) more closely
matches the theoretical curve when surveyed forecasts are used rather than rational ex-
pectations. Nunes| (2010)) and [Fuhrer| (2012)) include both surveyed forecasts and estimates
of rational expectations into the NKPC, but come to different conclusions about whether

contemporaneous inflation is more sensitive to the former or the latterﬂ

2 Motivating Model

This short section aims to articulate more formally the conventional wisdom of how infla-
tion expectations affect the macroeconomy. This allows us to be more precise about how
inflation sentiments interact with standard theory, and establishes a baseline against which
to compare our empirical analysis in the next section.

Specifically, we modify the canonical three-equation New Keynesian modeﬂ to include
an explicit shock to inflation expectations. This section studies the simplest static version of
the model, which allows us to clearly show that inflation sentiments generate macroeconomic
responses which coincide with the central bankers’ narrative in the introduction: inflation
rises, monetary policy tightens, and output falls or rises depending on the policy response.
Then, in Section [6] we consider the full dynamic version of the model with additional

features.

The canonical three-equation New Keynesian model is given by:

New Keynesian Phillips curve: = By 14 KUYt
Euler equation: it = o[y (yer — yi)] + 7"
Taylor rule: it = QyYt + GnTy

where m; is inflation, 7" is inflation expectations, y; is the output gap, i is the nominal

1 Additionally, Brissimis and Magginas| (2008) demonstrate that the NKPC fits the Great Moderation
period well when using surveyed expectations, a conclusion confirmed for the Great Recession by |Coibion
and Gorodnichenko (2015b)). |Coibion et al.| (2018]) discuss further advantages of empirical expectations, with
special attention paid to the NKPC. For a general survey of expectations in the NKPC, see Mavroeidis et
al| (2014).

12See|Gali| (2008) for a textbook description.



interest rate, and [E;[-] denotes the mathematical conditional expectation operator.

When expectations are rational, this framework is unable to model the situation we want
to think about. For example, imagine economic agents expect inflation higher than what
the policymaker will deliver. By definition, such beliefs cannot be rational — the outcome
for inflation is lower than the expectation. The conditional expectation of inflation is the
path that the policymaker will deliver. If agents think something different, then they must
be departing from rationality.

We thus modify the canonical model to allow expected inflation to depart from the
rational expectation:

e,1

T = Eelma] + G (1)

where (; is exogenous and Stochastic To distinguish it from 7} ’1, we refer to (; as the
inflation sentiment. The sentiment may be autocorrelated, and we refer to the (mean-zero,
white noise) innovations to the sentiment as the sentiment shock.

Expected inflation still has a rational component, so policymakers can still affect ex-
pectations today by communicating future policies — this will affect the E;[m 1] part of
expectations. Shocks to real fundamentals will affect the rational component too, as usual.
And because (; is mean-zero, expectations are still rational on average. But now fundamen-
tals and policies do not entirely drive expectations; there is scope for inflation expectations
to move in ways outside of the the control of policymakers. This captures a concern that
policymakers have when they talk about inflation expectations.

The canonical model has clear predictions about the effects of such a sentiment shock: a
positive sentiment shock should increase inflation and interest rates, and in most cases will
cause real output to contract. To see why, consider the simplest case where the sentiment

(¢ is i.i.d. This implies that the rational expectation terms are zero, so the model becomes:

T = BG + Kyt [AS] (2)
G = —(Py + 7Yt + G [AD] (3)

These two equations are referred to as the New Keynesian “aggregate supply” and “ag-
gregate demand” curves (Eggertsson and Krugman), 2012)), due to their resemblance to the
traditional Keynesian relationships.

Figure [I] plots how the AS and AD curves respond to a sentiment shock. The AS

(Phillips) curve shifts upwards because sticky-price firms expect higher prices in the future,

13Sentiments are asusmed to distort all agents’ inflation forecasts; Appendix considers an alternative
case where a sentiment only affects one of households, firms, or the central bank. With this common
structure for expectations, the motivating model most closely resembles Milani| (2011]), except in our setting
the sentiment shock causes expectations to deviate from the rational expectation, versus an adaptive learning
forecast.
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(a) Steady State (b) Response to Sentiment Shock

Figure 1: New Keynesian Aggregate Supply and Demand after a Sentiment Shock

so they would choose higher prices today, at every level of the output gap. Absent any
change in the AD curve, this shift alone would create inflation and lower output. This is
because the AD curve is downward-sloping, which is due entirely to the central bank’s policy
response: when inflation rises, the central bank raises interest rates and pushes down on
output. However, the sentiment shock also shifts the AD curve upwards because it impacts
the Euler equation. By raising household expectations of future inflation, the shock lowers
the effective real interest rate, increasing contemporaneous consumption and hence output.

In equilibrium, this simple framework clearly predicts higher inflation, but output is
potentially ambiguous. The effect on output depends on the slope of the AD curve, which
is determined by the central bank’s policy response. If the central bank aggressively combats
inflation, they raise interest rates enough to cause a recession. This is the case where ¢,
is large (¢, > 1/f) so the AD curve has a small enough slope that the AS shift dominates
and output declines. However, if the central bank is less aggressive (i.e. ¢, is small) then
households’ expected real interest rate declines enough to for output to expandE

In this static model, the sentiment shock affects contemporaneous inflation. But our
empirical findings are about future inflation. Does the intuition from a static model hold
up when dynamics are introduced? Section [6] modifies the model to include persistence and
dynamics. The modification loses the simple clarity of the static model, but allows for us
to consider exactly the quantities that we measure in the data. And the intuition holds up:
when we allow sentiments to be persistent, a positive shock increases future inflation and
reduces output/”]

In sum: the baseline New Keynesian model makes strong predictions for the effect of

14 Appendix [B.1| describes this case in greater detail.

"9Ascari et al[(2023) confirm this finding in a richer model with firm dynamics.



a positive shock to inflation expectations. Inflation rises regardless of the policy regime.
And although the central bank faces a trade-off between controlling inflation and creating a
recession, nominal rates increase unambiguously. The net effect on output depends on the

strength of the policy response, but is negative for standard parameter values.

3 Identifying Shocks to Inflation Expectations

Having defined what we mean by shocks to inflation expectations, we now detail a method
to measure them. Our method exploits two facts. First, that inflation expectation shocks
are departures from the mathematical conditional expectation of future inflation. Second,
that a reduced-form VAR is a machine for estimating conditional expectations. We thus
estimate a VAR which includes both inflation and a measure of inflation expectations,
using the reduced-form coefficients to estimate the rational component of the response of
expectations to shocksm We use this to inform an identifying restriction which can recover

the non-rational movement in expectations, i.e. sentiment shocks.

3.1 Basic VAR Structure

Consider the following vector autoregression (VAR). x; denotes a m x 1 vector of variables
of interest (e.g. inflation) in period ¢, f/* denotes the m x 1 period ¢ forecasts of z; over the
following h periods (e.g. inflation over the next year) and y; denotes a n x 1 vector of other

macroeconomic time seriesm The VAR is given by

f fia
v | =B x| +As (4)
Ut Yt—1

where gy ~ N(0,7) is an i.i.d. (n+2m) x 1 vector of shocks. We consider forecasts h periods
ahead as this is what appears in the data, typically reporting some agents’ expected inflation
over the next year.

The structural shocks are related to the VAR’s reduced form “innovations” u; by

Uy = AEt

Qur approach is related to | Doh and Smith| (2022)), who also exploit the relationship between VAR fore-
casts and empirical forecasts implied by rational expectations. However, they use the rational expectations
assumption to discipline the VAR coefficients and improve sign restrictions, whereas we use the assumption
to identify structural sentiment shocks. In the terminology of equation , we study the matrix A but they
focus on B.

1"We use the term “forecast” to mean an empirical time series, distinct from the more general concept of
an expectation. A forecast is a real world measure of expectations.



ef
We subdivide ¢; = r
€

) into n + m “fundamental” shocks e/ that determine infla-
tion, output, etc. consistent with rational expectations, and m “sentiment” shocks sts that
independently affect expectations.

Standard VAR estimation identifies B and the autocovariance matrix of forecast errors
>, which satisfies

Y= AA

Y. is symmetric, so it has up to (n + 2m)(n + 2m + 1)/2 unique entries; we need at least
(n 4 2m)(n 4+ 2m — 1)/2 independent restrictions in order to identify the (n + 2m)? entries
in A.

3.2 Identification

In this section we describe our main innovation: an identifying assumption to isolate a
single sentiment shock from fundamental shocks. Then, we describe additional assumptions
that are needed when there are multiple sentiment shocks. Finally, we derive a closed form

solution for the estimator.

3.2.1 Identifying Assumption with a Single Sentiment

We start with the case of a single sentiment, so m = 1. Then, the main identifying as-
sumption is that the sentiment shocks f-:f are the only contemporaneous shocks that causes
forecasts to deviate from rational expectations. In contrast, the fundamental shocks may
only affect contemporaneous forecasts f/' through their endogenous effects on future vari-
ables.

The reduced-form VAR identifies the standard impulse response function (IRF) ¢¥ of
variables in = to a reduced form innovation u; after k periods. The rational expectation of

2+, conditional on a reduced form shock wu; is given by
Elzgsn|ue] = ¢l (5)

The innovation depends on structural shocks by u; = Ae;, so the rational expectation

conditional on a structural shock is

Elarynled] = ¢hAey

10



S
Partition the matrix A along similar dimensions as the shock vector ¢; = < ;, ) :

€
S F
A [ A7 Ay
AZ AL
where the scalar A?: is the contemporaneous effect of the sentiment shock on the forecast,
and the row vector A]lf is the effect of the fundamental shocks. The blocks A5 and AL are
the corresponding effects on the remaining contemporaneous variables.

The identifying assumption implies that the effects of fundamental shocks on contem-

poraneous forecasts is equal to their effects on the rational expectation, i.e.

AL
h 4F
Ac

which can be inverted to find the effect of fundamental shocks on forecasts:

(1—¢f ;) ol AL = AF (6)

where qﬁ’;’ s denotes the first m columns in @ and qﬁ’ic denotes the remaining columns.
Equation @ is our main identifying restriction. It says that any fundamental shock causes
the forecast vector fJ' to move by the amount that the outcome ., will change on average.
That is, the forecast responds rationally. Any variation which departs from this is loaded
onto the sentiment shocks.

The implied restrictions for the matrix A are:

* _ +h =1 _h F
A= ( (1 gbx,f) ¢m,cAc ) (7)

* Af

where * denotes unrestricted entries, of which there are n 4+ 2 in the first column. This
unrestricted column is the contemporaneous impact of the inflation sentiment shock.

In general, the block A% is not identified. An arbitrary assumption must be made to
select a Af block. In our implementation, we let it be lower triangular so that the funda-
mental shocks have a causal ordering (as in [Sims| (1980) among many others). This does
not affect the sentiment shock £7; every valid choice of AZ" is just a unitary transformation
of the fundamental shocks alone and yields the same sentiment shocks.

How accurate is the VAR-implied rational expectation? The VAR includes both fore-
casts and realizations, so any private information or news contained in the forecasts are

accounted for in the VAR. By construction, the rational expectation is necessarily at least

11



as accurate as the measured forecasts in the case where h = 1@

3.2.2 Identifying Assumptions for Multiple Sentiments

In our baseline application (Section |4]) we consider sentiment shocks about a single variable:
inflation. However, it could be that there are sentiment shocks about multiple variables. In
this case, our main identifying assumption (equation @) only identifies linear combinations
of sentiment shocks. To separately identify different types of sentiment shocks, an additional
identifying assumption must be made.

Define the period ¢ sentiment s} as the difference between the observed forecast f* and

the rational expectation:

sp = fl' = Ei[ziia)

The effect of structural shocks €; on each of these quantities is
E[s}|et] = E[f|ee] — Elzeqnled] = ( A}g A? ) et — ¢l Aey (8)

E[s'|e¢] represents the contribution of structural shocks to contemporaneous sentiments.
Our identifying restriction in the single sentiment case assumed that only sentiment shocks
can affect contemporaneous sentiments (although they also affect forecasts through the

rational expectation). Substituting in this restriction (equation @) implies
E[st|ef] = Age?

where Ag denotes the matrix encoding these effects, given by:

AS
AszAS—as’;(Ag) (9)

Let Vs = Var(E[s!|e;]) denote the variance of these sentiment innovations. Vi is identifiable

from the reduced-form VAR, but Ag is not in general. The matrices are related by
AsNg = Vg (10)

so if the sentiment shock ¢} is a scalar, then Ag is identified up to sign from Vs. However,

if there are multiple sentiment shocks, then an additional identifying assumption is needed.

18The rational expectation also makes the strong assumption that the innovation w; is observable at time
t; we relax this assumption in Appendix El

12



To identify the model, a practitioner must assume that these matrices are related by
Ag =¢&(Vs) (11)

for some known function £ satisfying equation . This says that further assumptions are
needed to distinguish between the different sentiment shocks. One such is a causal ordering
within the sentiments, analogous to arguments for identification of fundamental shocks via
timing assumptions, which implies that Ag is lower triangular. In Section we apply this
sentiment shock ordering to the data, and in Section we show that this method recovers
the inflation sentiment when applied to data generated by a New Keynesian model with

multiple sentiments.

3.2.3 Identification Theorem and Estimator

Theorem 1 If the VAR satisfies the identifying assumptions @ and , then the vari-
ance matriz ¥ and impulse response function ¢! uniquely determine the sentiment block,

whose components are given by
AF = €(Vs) (1 = ol p) (zu — (1= ¢t )7 ol o)

Af =1 V) + (I — ¢l )7 toh A5

— ng)”
AF

while the fundamental block 2 18 determined up to unitary transformation of the
C

columnes.

Proof: Appendix [A]

The proof is constructive. Given any assumption to map AX (ALY to AL (e.g. Cholesky
decomposition), the proof gives analytical expressions for the estimator of A implied by the
estimates from the reduced form VAR.

Finally, to conclude our discussion of identification, what happens if our structural
assumptions fail to hold? Then the shock identified by the VAR has a less structural but
still useful interpretation: the identified sentiment shocks are precisely the dimensions of the

VAR innovations that cause forecasts to depart from the VAR-implied rational expectations.

4 Baseline Results

In this section estimate the vector autoregression articulated in the preceding section using

US data, outlining our baseline results.

13



4.1 Data

Our baseline specification includes six variables. Five of these are utterly standard, follow-
ing the choices by (Coibion| (2012), who selects a monthly analog to the standard set by
Christiano et al.| (1999): inflation is the log change in the CPI, a commodity price index is
included from the PPI, the industrial production index and unemployment rate measure eco-
nomic activity, and the nominal interest rate is the Federal Funds Rate (FFR). Given that
our results may depend on the specification of our empirical approach, it is important that
we convince the reader that our statistical model is not somehow misspecified. We tackle
this issue in details in Section [£.3] where we run an extensive model selection exercise. But
for now we offer convention as a defence. By sticking so closely to the most commonly-used
set of variables, we leave ourselves no room to manipulate our results through the choice of
specification.

The one novel variable in our VAR is expectations, for which we use the median 12-
month-ahead inflation forecast from the Michigan Survey of Consumers which measures
expectations of households.

We also consider three alternative measures of inflation forecasts. The expectations of
the median household may not correspond to those of firms setting prices, or policymakers
setting interest rates, so other measurements may yield interesting insights. To measure
the expectations of the market, we use the Cleveland Fed’s 12-month-ahead inflation fore-
casts, which are published monthly. To get a sense of the views of more informed economic
observers, and to comport with the standard in the literatureB we also run our VAR with
consensus forecasts from the Survey of Professional Forecasters (SPF). This data is quar-
terly, so we use the direct quarterly analogues of the other series, with one exception —
substituting quarterly GDP for industrial production (as too is standard). Finally, we use
the Federal Reserve’s Greenbook inflation forecasts as a measure of policymakers’ expecta-
tions. These are released at frequencies lower than monthly but higher than quarterly. So
we take the last available observation in each quarter, on the grounds that it is (as close as
possible to) fully-informed by all the data available that quarter.

For use in the VAR we deseasonalize and detrend the data by removing common monthly
(or, for quarterly data, quarterly) components and a linear time trend@ Together, our
baseline sample runs from 1982:M1 - 2022:M6E

9¢.g. |Coibion and Gorodnichenko| (2012)), |Coibion and Gorodnichenko| (2015a)), and [Lagerborg et al.
(2020) among many others. |Coibion et al.| (2018) include further examples in their survey of the literature.

ZUTo be consistent, we apply the same treatment to all variables in the VAR. As an alternative, we also
adjust inflation forecasts using the true inflation trend and seasonal components in Appendix @

21 Appendix [H| plots both the unadjusted and transformed time series.
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4.2 Impulse Responses

Figure [2] shows the impulse responses to a one-standard-deviation structural inflation sen-
timent shock for our baseline monthly model. We use an Akaike information criterion to
choose lag length, which selects a three-lag specification. On impact, forecasted inflation
rises by around 19 basis points (top middle panel of Figure , while actual inflation over
the next year falls on average by 12 basis points (top right panel). Throughout the paper,
we focus on year-ahead inflation to assess the inflationary effect of the shock, because it
matches the reported forecast horizon and is robustly estimated across specifications. When
we describe a shock as reducing inflation, this is the measure to which we refer.

The average effect on realized inflation is also the rational expectation, so the inflation
sentiment IRF is the difference between the forecast IRF and the one-year-ahead inflation
IRFH Because the shock is deflationary, the sentiment rises by even more than the forecast.
Characterizing the size and dynamics of this sentiment is a valuable result in its own right.
We find such shocks to be moderately large — with a standard deviation of around 30 basis
points — and of limited persistence — decaying almost to zero within a year. The one-
year-ahead inflation response is the average of the monthly annualized inflation responses
(upper left panel) over periods 1 to 12. Monthly inflation falls in the year following the
shock, although the instantaneous decline is not statistically different from zero. Moreover,
the sign of the instantaneous effect is not robust to the specification changes presented in
the following sections; this contrasts with our main measure, the 12-month-ahead inflation,
which is reliably estimated to decline.

How can the rational expectation of future inflation go down if we identify our shock as
affecting the non-rational component of expectations? Here, having a conceptual framework
in mind, such as the model outlined earlier, is useful. If an exogenous shock to inflation
expectations has macroeconomic effects, one should expect it to affect future inflation. And
if it affects future inflation, the rational component of expectations must respond.

More generally, the dynamic effects of the shock to the inflation sentiment are at odds
with the predictions of the standard New Keynesian model. Future realized inflation falls
on impact, and remains low for several months further. Although the decline in real activity
(Figure center panel) is consistent with the canonical framework, the response of monetary
policy is most certainly not. Interest rates decline by around 14 basis points over the
following months (bottom middle panel). While this is relatively small the effect is very

persistent. This persistence is matched and even exceeded by that of real activity, which

22In the notation of equation we are performing the decomposition wf’m = E; Z]lil Ti4j + ¢t2, where

/2 is the sentiment component for one-year-ahead inflation and ; ; are monthly (non-annualized) inflation
rates. In Section @, we clarify how to extend the conceptual framework of the New Keynesian model to
account for the difference between a one-period and and h-period sentiment.
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remains well below its starting level for several years, while unemployment remains elevated

(middle right panel) for a similar duration.
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Figure 2: Impulse Responses to an Inflation Sentiment Shock

Structural impulse responses to a one standard deviation sentiment shock, baseline model. Shaded ranges
show a 90 percent confidence interval, computed from bootstrap with 500 replications. The cumulative
inflation over the next 12 months (i.e. the average of horizons 1 to 12 of monthly annualized inflation) is the
rational expectations component of inflation expectations. The inflation sentiment is the difference between
the response for the inflation forecast and the rational component. The current month’s realized inflation is
reported at the annualized rate. IRF units are “percent points”, which is literal for time series reported as
such (e.g. inflation) and 100x log values for the remaining series.

4.3 Variance Decomposition

Although the impulse responses can measure the size of the sentiment shock’s effects, this
does not tell us whether this shock is actually a large force in the macroeconomy. It could
be that these shocks are swamped by the impact of other, fundamental shocks. To address

this, we compute the variance decomposition of the structural VAR, which attributes the
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variation in each variable into that due to the non-fundamental and other (fundamental)
shocks@ The first column (“Michigan”) of Table |1| presents this decomposition, reporting
the share of the unconditional variancd®d of several time series that are due to the non-
fundamental shocks. Roughly one tenth of the variance in inflation forecasts is due to
non-fundamental shocks: most of the volatility is rational, but a sizeable share is not. Non-
fundamental shocks drive a similar share for interest rates, which makes sense given their
determination by expectations. But sentiment shocks contribute to a greater share of the
variance for realized inflation than inflation expectations. This is partially due to their
additional feedback through the real economy, where sentiment shocks drive more than a
quarter of volatility in real activity. Overall, the results suggest that sentiment shocks may

be an important contributor to macroeconomic fluctuations.

Michigan Cleveland SPF Fed Greenbook
100 * Industrial Production 0.31 0.20 0.22 0.08
(0.12, 0.52) (0.04, 0.41) (0.06, 0.45) (0.01, 0.30)
Federal Funds Rate 0.15 0.08 0.21 0.09
(0.02, 0.37) (0.01, 0.26) (0.05, 0.44) (0.01, 0.32)
Realized inflation 0.13 0.23 0.58 0.31
(0.03, 0.34) (0.11,0.39) (0.37, 0.76) (0.13, 0.53)
Year-ahead inf. exp. 0.09 0.09 0.24 0.30
(0.02, 0.29) (0.03, 0.23) (0.07, 0.47) (0.14, 0.53)

Table 1: Variance Shares Attributed to the Sentiment Shock, for each Forecast Measure

Bootstrapped 90 percent confidence interval are in parentheses. Log activity is industrial production for
monthly series (Michigan and Cleveland forecasts) and real GDP for quarterly series (SPF and Fed
forecasts).

4.4 The Estimated Sentiment

In Figure [3] we plot the time series for the estimated sentiment, and its 12-month moving
average. Sentiments are largest during the 2008 financial crisis, when household inflation
expectations remained persistently high. Estimated sentiments are low in the first half of
2021; before that year’s rapid inflation, households expected too little.

To better understand what our estimated inflation sentiment series captures, we compare
it to some other measures of economic and inflationary sentiment.

We start with the Michigan household survey consumer sentiment index. This index,

which is meant to capture a broad sense of how favorably households view the economy,

23See |[Hamilton| (1994) for details.
24The unconditional variance decomposition is the variance that is due to shocks in the long-run. We also
calculate short-run variances at different horizons in Appendix [C.1] We discuss the other columns of Table

later in Section
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Figure 3: Inflation Sentiment Time Series

averages positive responses to five questions about both current economic conditions and
the outlook{f] In Figure 4] we plot the inflation sentiment from Figure 3| with the Michigan
consumer sentiment. There is a clear and statistically significant negative relationship
between the two seriesF_Gl That is, when our inflation sentiment is generally positive, the
Michigan consumer sentiment is negative.

There are many ways to interpret this relationship. In isolation, might be evidence
that our inflation sentiment is mis-measured and is picking up more general sense of eco-
nomic optimism or pessimism. However, we show later in Section that including other
sentiments does not change the results significantly. Taken together with that result, this
correlation therefore suggests an alternative interpretation: that the extent to which house-
holds’ inflation expectations are unusually positive (or or negative) informs their general
economic optimism. If they expect inflation to be unusually high then this is reflected in a
more negative view of economic conditions in general, and vice versaE]

To understand how public discussion of inflation might relate to our measured sentiment,
we also compare our series to media coverage of inflation. To do this, we construct a two

simple measure of press attention on inflation. Using Factiva, a press aggregation service,

25Paraphrasing, these questions are: are you better off than a year ago? will you be better off a year from
now? will business conditions in the next year improve? will the economy perform well over the next five
years? is now a good time to purchase a major household item?

26The correlation coefficient is -0.35 with a 95 percent confident interval of [—0.43, —0.27].

2"This interpretation is consistent with numerous studies finding that households’ pessimism about infla-
tion is connected to pessimism about the real economy. See for example |[Andre et al.| (2022)), |Binder and
Makridis| (2022), |Bernstein and Kamdar| (2023]), |Coibion et al.| (2023), or [D’Acunto et al.| (2023).
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Figure 4: Estimated Inflation Sentiment and Michigan Consumer Sentiment, normalized

The “Measured inflation sentiment” line is the 12-month rolling average of our estimated inflation sentiment,
show in Figure The “Michigan consumer sentiment” line is the household economic sentiment measure

from the Michigan Survey of Consumers, also shown as a 12-month rolling average. Both series are normalized
to have zero mean and unit standard deviation.

we count the number of monthly articles containing the term “inflation” in five major US
newspapers: the Wall Street Journal, the Washington Post, the New York Times, the Los
Angeles Times, and USA Today. For each source we construct an index from the number of
matching article counts. We focus on the results from two combinations of these, one using
just the Wall Street Journal — aiming to capture business-focused press coverage — and an
unweighted average across all five — aiming to reflect more general trends.

As reported in Table 2], the correlation between our inflation sentiment series and these
indices is statistically indistinguishable from zero. However, it is not obvious how to in-
terpret this. Press coverage is an unsigned magnitude, and so might plausibly reflect ab-
normally low expectations of inflation just as much as abnormally high ones. To test this,
we compute the correlation of the absolute value of our estimated inflation sentiment with
the constructed press indices. The correlation is positive and statistically significant; press
coverage is higher both when inflation expectations are abnormally high and when they are
abnormally low. To understand what drives this result, we also subdivide the sample into
those where inflation is positive and where it is negative. Consistent with the correlation
with the absolute value, the point estimates of the correlation are positive when the senti-
ment is positive, and negative when it is not. However, this relationship is stronger and more

statistically significant for positive sentiments — suggesting that worries about abnormally
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high future inflation are more newsworthy than those about low inflation. Throughout the
results in general are much stronger when looking at just the Wall Street Journal, consis-
tent with the notion that the financial press provide a clearer signal of public concern about

future inflation.

Series Observations Wall Street Journal Five-newspaper average
Inflation Sentiment All 0.015 0.021

(-0.077, 0.106) (-0.071, 0.112)
Sentiment, absolute value All 0.149 0.021

(0.058, 0.237) (0.018, 0.199)
Inflation Sentiment Sentiment<<0 -0.11 -0.055

(-0.235, 0.019) (-0.182, 0.074)
Inflation Sentiment Sentiment >0 0.187 0.16

(0.058, 0.31) (0.03, 0.285)

Table 2: Correlation of Estimated Inflation Sentiment with Newspaper-based Indices of
Inflation Coverage January 1985 - March 2023.

Table shows the correlation and 95 percent confidence intervals for the baseline estimated inflation series and
two indices of inflation coverage. Indices are constructed from the normalized counts of articles including
the word “inflation”. Both series are 12-month rolling averages.

One concern with the preceding approaches is that the comparator series capture in-
flation expectations only indirectly or in combination with other factors. And so we also
compare our estimated series to more formal measures of inflation sentiments estimated by
Aruoba and Drechsel (2022). These series use natural language processing to measure how
the Federal Reserve’s views of inflation and expected inflation are associated with positive
or negative language. The sign of these series are such that numbers greater than zero
indicate more concern about the relevant variable. Again, there are many reasonable in-
terpretations of how this should correspond to our series, but the most natural is that the
correlation should be negative. The occurrence of a positive household sentiment seems to
most likely be associated with more negative Federal Reserve communication. As Table

shows, the relationship is indeed negative and highly statistically significant.

FOMC Inflation FOMC Inflation Sentiments
-0.465 -0.257
(-0.538, -0.384) (-0.346, -0.163)

Table 3: Correlation of Estimated Inflation Sentiment with Aruoba-Dreschel Measures of
Federal Reserve Inflation Concern

Table shows the correlation and 95 percent confidence intervals for our baseline estimated inflation series

and the |Aruoba and Drechsel (2022|) Federal Reserve language-based sentiment series. Both series are
12-month rolling averages.
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5 Extensions

Our baseline results are somewhat surprising: shocks to expectations were deflationary,
contractionary, and reduced interest rates. Could this puzzle be due to misspecification?
In this section, we estimate additional specifications to address four specific concerns.

First, in case household forecasts reported by the Michigan Survey are a poor measure
of inflation expectations, we conduct our analysis with alternative forecasts. Second, our
baseline estimates of the rational expectation utilize the entire time series, which contains
more information than individuals have in-sample. So we repeat our estimation without this
informational advantage. Third, it is crucial to our identification to consistently identify
the rational expectation, and this may be impossible with the few variables in the standard
VAR. Therefore we consider alternative models, using factor VARs and machine learning
methods. Fourth, we check that our results hold when we apply the multi-dimensional
version of our method, which admits other sentiments beyond just to inflation.

Across these tests, our findings are broadly robust. The only exception is that the
immediate response of monthly inflation is not always clearly negative — something that we
highlighted in our initial presentation of the results. Despite this, that the overall response is
deflationary and contractionary is a robust finding; when year-ahead inflation expectations

increase, prices, output, and interest rates decline over the following twelve months.

5.1 Alternative Measures of Inflation Expectations

We now repeat our main analysis with alternate measures of inflation expectations. This
serves a dual purpose, both acting as a check on the broader validity of our results, but
also allowing an investigation of how different types of agents’ inflation expectations might
have different macroeconomic consequences. In particular, we estimate three further VARs.
The first uses a monthly measure of market expectations, calculated by the Federal Reserve
Bank of Cleveland using bond prices, derivatives, and surveys. The second uses a quarterly
measure of economists’ expectations: the Survey of Professional Forecasters’ (SPF) average.
The third uses the central bank’s own expectation, as reported in the Fed’s Greenbook
forecasts.

We report the results from all three exercises in Figure [p in addition to our baseline
VAR. For simplicity, we do not report here the responses for unemployment and commodity
price inflation (although we do include them in the VAR) as their inclusion is principally a
matter of model fit, rather than a test of economic theory.

All sentiment shocks are associated with deflation and recession, in line with our baseline
findings. Although despite qualitative consistency, quantitative differences are evident.

The two monthly measures also feature remarkably similar dynamics, which may be a
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Figure 5: Impulse Responses to a Sentiment Shock for Alternative Forecast Measures

Structural impulse responses to a one standard deviation sentiment shock. For comparison across different
measures, this plot combines estimates from monthly and quarterly data. For quarterly data (SPF and
Fed Greenbook measures) the quarterly impulses are plotted in the middle month of each quarter, i.e. the
2nd, 5th, 8th, etc. horizon. Realized inflation is CPI inflation for monthly measures and GDP inflation for
quarterly ones. Activity in industrial production for monthly estimates, and GDP for quarterly ones.

consequence of containing similar information. The results from the quarterly SPF are the
most dissimilar, predicting deep deflation and persistent interest rate declines. Estimated
sentiments are also especially persistent for the SPF and Fed.

The alternative expectation measures are also all responsible for sizeable shares of
macroeconomic volatility, but with different effects on different time series. Table [1] re-
ports our estimated the variance decomposition for each measure. The contribution of
sentiment shocks to macroeconomic volatility vary by forecast measure. The baseline’s
Michigan survey-derived shocks are unique in contributing the most to real activity. The
Cleveland Fed’s market measure of expectations is typically responsible for similar shares
as in the baseline, but drives somewhat more inflation and less real activity. The SPF
sentiment shocks have a similar profile across the different series, except scaled up. In
particular, the SPF shocks are the largest contributor to realized inflation, implying that

nonfundamental shocks are the most important driver of inflation Volatility@ Finally, the

28The SPF shock’s contribution to inflation volatility is much larger than for the Michigan shock. How
can this be, if professional forecasters are more accurate than households? While the SPF sentiment shocks
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Fed’s measure is the most dissimilar, driving only a small share of real activity, but sizeable
shares of expectated and realized inﬂation@

In summary, the puzzle we document is robust to how inflation expectations are mea-
sured. Alternate measures of inflation expectations produce very similar sentiment shocks,
and macroeconomic responses which are broadly in line with our baseline results. No spec-

ification reproduces the predictions of the canonical New Keynesian model from Section

2

5.2 Identification without the Benefit of Hindsight

One assumption of our baseline approach is that agents form rational expectations using the
true statistical model: the rational expectation that we use to identify the sentiment is the
conditional forecast (equation ) estimated from the entire sample. However, even rational
agents might form different expectations if older data do not imply the same dynamics as we
estimate. Our baseline approach is a fine approximation if learning is fast, but if learning
is slow, a rational agent will form expectations differently in 1992 than in 2022. Some
research suggests that slow learning may be responsible for many of the observed puzzles
in expectations data (Farmer et al., 2021). In this section, we test if our results are robust
to this concern.

To account for learning, we independently run our entire estimation at every time period
7, beginning in 1992 when 10 years of data are available. This way, we identify the sentiment
in every period, using the rational expectation formed from data available at that date. The
structure of the VAR becomes

i fhy
¢ = Bq— T¢—1 + Aq—{ft t S T (12)
Yt Yt—1

At every period 7 we calculate the reduced form shock w, from the 7-period VAR ,
identify the coefficient matrix A,, and calculate the shock vector by e, = A-!u,. Then,
we calculate the average responses to our identified shocks e, to estimate a learning-robust
result.

The learning-robust estimates are qualitatively similar to our baseline results. Figure

are small, they affect the real economy through different channels; Figure [5| demonstrates that the SPF
shocks have more persistent propagation effects than the Michigan shocks. As a result, household confusion
captured in the Michigan shocks do not matter as much for aggregate inflation as errors in professionals’
forecasts.

290ur large VAR-based estimates of sentiments’ contribution to volatility supports the DSGE model-based
conclusions by [Milani| (2017) which finds a large share of business cycle volatility is due to sentiments in
general, including modest shares for inflation sentiment shocks.
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Figure 6: Time-Varying Estimation of Sentiment Shock Effects

Each subplot is an entry in the A, coefficient matrix, estimated using data up to the specified year. Shaded
ranges show a 90 percent confidence interval, computed from bootstrap with 500 replications. The black
dotted lines are the full-sample estimates and the blue dashed lines are the averages across the rolling
estimates.

[6] plots the first column of the time-varying A,. This is the contemporaneous effect of a
sentiment shock on each time series, estimated using data available in the given period.
For each series, the blue dashed line is the average value over the sample period: our
learning-robust estimate of the instantaneous impact of a sentiment shock. The dotted line
is the value at the end point: our baseline result which uses information from the entire
sample to identify the shock at each point in time. These two lines are broadly similar with
two main exceptions: the learning-robust result suggests the monthly contemporaneous
inflation and commodity prices rise immediately; only with the latest data do the immediate

impact elasticities turn negative, albeit not statistically different from zero@ However,

30We also checked whether the estimated IRFs are stable over the sample period. The only major time-
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our preferred summary measure of inflation — the one-year-ahead realized inflation rate —
remains robustly negative even when accounting for the benefit of hindsight.

Figure [6] also demonstrates that our results are robust to exclusion of the zero-lower-
bound (ZLB) period. For example, estimates using data up to 2008 all have the same sign

as our baseline results, except again for the immediate monthly inflation rate.

5.3 Models with Additional Time Series

A reasonable objection to our analysis is that we might be using a misspecified statistical
model. If our model omits some variables needed to estimate accurate reduced form impulse
responses, then our measurement of the conditional expectation of future inflation will be
inaccurate. As a result, our claim to identify inflation sentiments will be invalid. In Section
we sidestepped this issue with an appeal to convention, including just the variables
most commonly used in other VARs. Here, we return to this issue, conducting an extensive
model selection exercise.

We allow for the potential inclusion of 26 other monthly macroeconomic times series in
our VAR, shown in Table [4 These plausibly span a wide set of sources of macroeconomic
variation missing from our baseline framework. This set includes a several forward-looking
variables, both explicit — most notably, long-term interest rates — and implicit — exchange
rates, stock market indices, and the like, which convert information about the future into
prices. This forward-looking aspect addresses a specific case of the more general concern
about misspecification. That is, that there might be information about future monetary
policies not reflected in the baseline information set.

Since the number of VAR parameters grows with the square of the number of variables,
one cannot simply include all the new variables in a bigger VAR. This would replace one
problem with others, trading misspecification for over-fitting and imprecision. We thus
adopt two methods which aim to include as much of the useful variation in the additional
data while avoiding these problems: a factor-augmented VAR (FAVAR) and, in Appendix
a machine learning approach.

The factor-augmented VAR, popularized by Bernanke et al. (2005), aims to extract the
most important dimensions of variation in a set of possible covariates by transforming them

into their principal components. A handful the most informative principal components are

varying features are the impact signs already discussed; otherwise persistence and propagation appear stable.
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Group Variables Transformation

Prices Consumer Prince Index, Commodity Price Index  Growth rate
Interest rates Federal Funds Rate, 3-month, 1-, 2-, 5-, 10-,

and 30-year US Treasury rates None
Financial USD vs. GBP, JPY, and CAD exchange rates,

Real oil price, Willis 5000 Index Log
Money & Credit M2, Currency in Circulation, Bank credit,

Chicago Fed financial conditions leverage index Log (excl. leverage)
Real Activity Industrial Production, New housing starts,

Vehicle sales Log
Labor Markets Unemployment rate, Employment, Average hours Log (excl. unemp.)
Fiscal Real government surplus ratio Unit variance

Table 4: Variables Available for FAVAR and Machine Learning Model Selection

Items in italics are those used in the baseline specification. All specifications also include the Michigan
Survey of Consumers mean inflation expectation.

then included in the VAR. We extend the specification in equation (4)) to:

1l fhy
ol=p| ™|+ e (13)
Yt Yt—1
F, F,

Where y; includes only the federal funds rate and log industrial production, and F} includes
the first N principal components of the remaining series in Table 4 We use the first 4, 8,
and 12 principal components, as they cover 50, 75, and 90 percent of the variance in the
data respectively.

Figure[7] shows the impulse responses for the baseline and factor-augmented VARs. The
main findings from our baseline model hold true. The identified sentiment is almost exactly
the same. The overall effect of the shock is also deflationary: cumulative inflation in the 12
months after the shock falls in all versions, and by as much as 18 basis points in the largest
factor-augmented cases. Output is also persistently lower and monetary policy loosens,
although the timing and magnitude of these two is a little slower and smaller. Another
difference from the baseline model is that for specifications with the most factors, the
impact on contemporaneous inflation can be positive. This uncertainty over the sign of the
short-run effect is something we flagged in our baseline results (and in Section. But even
for specifications which give a positive contemporaneous inflation impact, the subsequent
deflationary impact is deeper and more persistent than in the baseline, producing similar

overall reductions in the price level.
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The advantage of factor methods is that they are transparent and well—understoodlﬂ
One downside is that it is not obvious what is the right number of factors to use. More
factors improve the fit but also increases the likelihood of over-fitting. The temptation to
emphasize the particular factor model which aligns with one’s priors is strong. Machine
learning methods can offer a better solution. In Appendix we use these techniques to
check the robustness of our baseline specification. These show similar results to the FAVARs,
with the overall impact deflationary and contractionary, albeit with smaller declines in
output and interest rates, and positive initial responses for inflation but consistent overall

price declines.
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Figure 7: Factor-Augmented VAR Impulse Responses

5.4 Multiple Sentiment Dimensions

In this section, we allow for the possibility of sentiment shocks to multiple forecasts — not
just inflation.

What happens if forecasters are subject to sentiment shocks about multiple quantities?
Many types of sentiments might cause inflation forecasts to deviate from the rational ex-
pectation. For example, supply-side shocks can affect inflation, so sentiments about supply

will look like an inflation sentiment in our baseline analysis.

31Stock and Watson| (2005) discuss estimation and identification in FAVAR models. [Stock and Watson|
(2011) survey the literature more broadly.
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Fortunately, our identification result (Theorem 1)) allows us to uniquely identify inflation
sentiment shocks from other sentiments. In this case, our additional identifying assumption
is that inflation sentiment shocks are the only sentiment shocks that do not cause other
forecasts to deviate from their rational expectation. That is to say, inflation sentiment
shocks directly distort inflation forecasts alone, while other types of sentiment shocks may
distort both inflation and other forecasts.

This assumption implies that Ag is the Cholesky decomposition of Vg, where inflation
is ordered last among both forecasts and sentiment shocks@ In Section @ we validate this
approach, showing that in a simulated New Keynesian model with multiple sentiments, this
assumption correctly identifies the inflation sentiment shock from other sentiment shocks
that also distort inflation forecasts.

We consider two versions of this approach. In the first we modify our baseline model to
allow for a real activity sentiment. So that this additional sentiment can also be interpreted
as a shock to household expectations — and because households tend not to make forecasts
for industrial production — we replace industrial production with real personal income as
the real activity measure. We can then use the Michigan household survey data to construct
a year-ahead real personal income forecast@ This gives household expectations for both
inflation and real personal income from the same source at the same horizon. The Cholesky
ordering within the sentiment block produces two shocks: one which moves the inflation
sentiment alone and one which moves both the inflation sentiment and the real personal
income sentiment. Figure [§| presents the impulse responses for the first one, where just the
inflation sentiment moves. This isolates the impact inflation sentiment alone, distinct from
other expectational shocks which might cause correlated changes in believes about both
inflation and real factors (note how the personal income sentiment is pinned to zero on
impact). If our baseline results were substantially driven by correlated changes in beliefs
about other factors, this would be mapped into the impulse responses for those other shocks,
and the impulses for the inflation sentiment would change. Instead, the inflation sentiment
remains contractionary. As in our baseline results, unemployment rises, and interest rates,
real personal income and inflation all fall (the latter on average).

To check further that extra dimensions of sentiment shocks are not driving our results,
we also extend our quarterly estimates using SPF forecasts. Unlike households, SPF par-
ticipants make forecasts about a wide range of macroeconomic data. We thus include in
our VAR not only forecasts for inflation but for GDP and interest rates as well. Again, we
apply a Cholesky ordering to the sentiment shocks, allowing us to separate out a inflation

sentiment isolated from the impact two further dimensions of shocks to beliefs. Figure [J]

32This approach is similar to classic causal ordering (Sims, |1980), except only within the sentiment block.
33The survey asks about nominal personal income growth forecasts, which we can combine with the
inflation forecast to back out implied real personal income one year ahead.
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shows the impulse responses for this shock. If anything, the impact is even more clearly con-
tractionary — inflation falls on impact and on average, activity declines, and unemployment
rises. The only difference is that the interest rate response is not significant.

Overall, our main results appear not to be driven by other types of sentiments. When
we control for sentiments to real personal income (in the baseline) and to GDP and interest

rates (in the quarterly SPF version), the baseline result remains.
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Figure 8: Impulse Responses to an Inflation Sentiment Shock: Multi-Sentiment Baseline

Structural impulse responses to a one standard deviation sentiment shock, baseline model allowing for a real
personal income sentiment. Shaded ranges show a 90 percent confidence interval, computed from bootstrap
with 500 replications. The cumulative inflation over the next 12 months (i.e. the average of horizons 1 to 12 of
monthly annualized inflation) is the rational expectations component of inflation expectations. The inflation
sentiment is the difference between the response for the inflation forecast and the rational component. The
current month’s realized inflation is reported at the annualized rate. IRF units are “percent points”, which
is literal for time series reported as such (e.g. inflation) and 100x log values for the remaining series.
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5.5 Further Extensions and Robustness Checks

We perform several additional tests reported in the appendices. Across specifications, our
main conclusions about inflation sentiment shocks are largely unchanged.

In Appendix we estimate impulse responses by local projections instead of relying
on those implied by the VAR. In Appendix we apply several machine learning methods
to augment the VAR, in order to ensure that the model-implied forecasting is robust and
accurate, which is crucial to our identification. In Appendix we include oil prices in
the VAR and compare the effects of inflation sentiment shocks to oil shocks.

In Appendix [D] we relax the assumption that absent sentiment shocks, agents have
rational expectations. Instead, we identify the shocks as distortions to alternative models
of expectations. Broadly, we find that forwards-looking behavioral expectations lead to
results consistent with the puzzle that we identified in our baseline estimates. However, if
agents have backwards-looking expectations or are missing enough data, then the puzzle
disappears. Within Appendix @ we reconcile our findings with |Leduc et al. (2007, who
assume that agents use no contemporaneous macroeconomic data when forming forecasts,
which allows them to identify inflation sentiments shocks by causal ordering. We confirm
with modern data that their identified shock is inflationary. But then we show that if even
if agents have no information about delayed macroeconomic series (such as inflation), but
they are allowed to form forecasts using high frequency variables (such as the interest rate),

then again the effects of the sentiment shock match our baseline results.

6 Dynamic Model and Monte Carlo Validation

In this section we seek to better understand our results by comparing them to a full dy-
namic New Keynesian model. To address two questions, we extend the standard conceptual
framework beyond the simple motivating model in Section [2| adding dynamics and a bevy
of additional shocks.

First: how puzzling are our findings compared to a New Keynesian DSGE model?
We show that even with extra bells and whistles, the canonical New Keynesian model is
still fundamentally at odds with our VAR results: a positive sentiment shock still causes
inflation to rise, inducing a contractionary response by the central bank and a recession.
The dynamic model reinforces the puzzle.

Second: does our estimation strategy reliably identify the effects of sentiment shocks?
We show that it does. To do so, we estimate the structural VAR on simulated data, showing
that it consistently recovers the true sentiment shocks even in the presence of confounding
news, noise, discount factor shocks, policy shocks, and sentiments to GDP and technology,

even on samples of similar length to ours. This is an important validation of our method: it
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Figure 9: Impulse Responses to an Inflation Sentiment Shock: Multi-Sentiment SPF model

Structural impulse responses to a one standard deviation sentiment shock, using SPF forecasts for inflation,
GDP and interest rates. Shaded ranges show a 90 percent confidence interval, computed from bootstrap with
500 replications. The cumulative inflation over the next 12 months (i.e. the average of horizons 1 to 12 of
monthly annualized inflation) is the rational expectations component of inflation expectations. The inflation
sentiment is the difference between the response for the inflation forecast and the rational component. The
current month’s realized inflation is reported at the annualized rate. IRF units are “percent points”, which
is literal for time series reported as such (e.g. inflation) and 100x log values for the remaining series.
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shows that if inflation expectation shocks did generate macroeconomic fluctuations in line
with the standard New Keynesian model, we would estimate impulse responses to sentiment

shocks consistent with it.

6.1 A Dynamic New Keynesian Model

We modify the canonical New Keynesian model by introducing additional economic shocks,
sentiments, and information structure. The additional structural economic shocks are stan-
dard. We include stochastic terms for productivity as, interest rate deviations x;, and
discount factor z;. In Section [3.2| we show that we can use multiple forecast series to sepa-
rately identify inflation sentiments from other forces, so we also include sentiment shocks to
productivity a; and output y;. The standard three equations (the New Keynesian Phillips

Curve, the Euler equation, and the Taylor rule) become

T = ,87Tt€71 + H(yt — lﬂat) (14)
0=y —y) +i— 7" + 2 (15)
it = QyYt + OrTy + Ty (16)

where z; is a stochastic deviation of the discount factor, and x; is the central bank’s stochas-
tic deviation from the interest rate rule.

We allow expectations ; 1 and yr 1 to deviate from rationality in two ways: 1) through
sentiments separately affecting inflation and output expectations directly, and 2) via a
sentiment about future productivity which affects agent’s views on inflation and output
expectations indirectly. Agents are rational apart from these two distortions.

We denote the equilibrium policy functions for inflation and output by
m = b ay + b, my yr = blay + bY my

where a; is productivity and m; is the vector of the remaining state variables. Then,

imposing the first of our assumptions above, agents’ expectations are given by
el ym el T . el T
m =bja; +bymy + ¢

e,1 _ g3y el 2y e,1 Y
Yy, =bgay +bpmy + G

That is, agents’ forecasts depend on their state variable forecasts afl and mf’l, plus a
distortion due to the exogenous sentiments ¢ and (/. These are the direct sentiments.

Imposing the assumption that productivity forecasts are subject to sentiments but that
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forecasts are otherwise rational, we can write:

el

apt = Elag1] + ¢ m; = E[my]

This says that their productivity forecast af’l is distorted by the exogenous productivity
sentiment (', whereas forecasts of other state variables mf’l are rational.

Putting these pieces together, expectations in the model satisfy

w9t = By b agr + blymy 1] + bI¢E 4 ¢ (17)
ot = Ey[blagsr + bYmyyq] + 0UCE+ ¢ (18)

The inflation and output sentiments (J and ¢/ exogenously affect forecasts directly and
independently, while the productivity sentiment shock ({* indirectly and endogenously affects
both forecasts ]

The VAR uses one-year-ahead forecasts as an input, but sentiments in the model are
distortions to one-month-ahead forecasts, so one-year-ahead forecasts must be calculated
as an endogenous variable in order to apply our methodology to simulated data. To do so,
we assume that the law of iterated expectations holds for agents when they make forecasts.

That is, they correctly assess the impacts of the sentiment on their future forecasts:
11
12 1
T = Et[z 77;+ﬂ (19)
j=0

We assume our exogenous stochastic terms are governed by AR(1) processes:

G =Ocaliy +ei" (20)
G = 0cyCly +er” (21)
G = bcaCiy +e7" (22)
ar = Oqa,_1 + € (23)
xp = Oyxi_1 + €7 (24)
2t =021 + ¢} (25)

34This model structure resembles a simple version of the medium-scale New Keynesian model studied
by Milani| (2017)), who adds additional economic features including capital, but where sentiments cause
expectations to deviate from an adaptive learning forecast, rather than from the rational expectation. Even
with the additional features, Milani comes to the same conclusion: inflation sentiment shocks should be
inflationary.
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We also impose an intertemporal information structure. At time ¢, agents learn imper-

fectly about future productivity shocks, receiving a signal v;:
vp =¢€f1 +

where 14 is an i.i.d. noise shock. This signal encodes two distinct but related concepts. The
¢, 1 part is news about future productivity. And the v; is noise, obscuring that news. The
realization of v; will affect current forecasts of future inflation. For example, if agents learn
that TFP will likely rise, they expect that future output and inflation will increase. This
is a standard setup, and tests our method by introducing a shock that generates forecast
errors without affecting contemporaneous fundamentals (Chahrour and Jurado, 2022).
Chahrour and Jurado| (2018) show that this sort of information structure can be recast
as one where agents receive incomplete (rather than noisy) news about the future. This is
useful as it allows the model to be solved with standard DSGE methods. In this our case,

we can model the productivity shock as a sum of i.i.d. components:
gf =01 + -1 (26)

where 9,11 is unanticipated but ¢ is known in period ¢. Appendix [E]derives how to rewrite
our noisy signal process in this form.
An equilibrium in this economy is a set of stationary time series for the 13 variables

. 1 1 12 . .
(s Yty Gy Yooy T, W, CFy CYy G, ar, x4, 2, and €f) that satisfy equations (14]) -

conditional on time series for the 7 exogenous shocks (e57, e$¥, &5 &%, &2, ¥y, ).
Appendix [F] describes how we solve the model.

In this section, we have modified the canonical New Keynesian model with a number
of additional forcing terms — 3 types of sentiments, noise, and discount factor shocks — in
addition to standard economic shocks. These additional features present a stringent test
of our identification strategy, showing that it can resolve concerns raised elsewhere. The
discount factor shock addresses the issue discussed in Levchenko and Pandalai-Nayar| (2020):
current methods have difficulties separating the effects of sentiments from other unobserved
factors that move expectations, such as shocks to preferences. And we include the news
signal in order to demonstrate that our sentiment is also independently identified from
other shocks to agents’ information sets. VAR studies such as Barsky and Sims| (2011) or
Chahrour and Jurado (2022)) identify news or noise by disciplining how expectations respond
to structural shocks. Although our method is similar in spirit, it identifies something quite
different: a sentiment shock. Thus, it is important to show that our approach is also not

confounded by news or noise.
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6.2 Calibrated Impulse Responses

We assign a standard calibration to the economy, following Gali (2008). Table [5|reports our
parameter values. To calibrate the time series for the shock processes, we adopt the monthly
analogs to the quarterly MLE estimates from [Smets and Wouters| (2007). Additionally, we
set the noise variance o2 to be the productivity shock variance o2, so that only half of the
productivity shock process is predictable. The addition of sentiment shocks introduces two
parameters about which the literature is quiet. First, we set the sentiment autocorrelation
¢,= = 0.63 to reproduce the monthly persistence of the inflation sentiment that we estimated
in Section Second, we conservatively set the standard deviation of the sentiment shock
to o¢x = 0.15 to explain only 11% of income volatility, the number that we estimate is due
to the inflation sentiment in our multi-sentiment VAR (Section @ Then to avoid any
special advantage for estimating inflation sentiments, we assign these same values to the

output and productivity sentiment processes too.

Parameter | Interpretation Value

I3 Discount factor 0.997
¥ Risk aversion 1
K Phillips Curve elasticity 0.2
Y Output gap elasticity 0.2
o Policy response to inflation 1.5
Dy Policy response to output 0.1

Ocm,0¢4y,0¢,0 | Sentiment autocorrelations 0.63
0, TFP autocorrelation 0.98
0, Interest rate deviation autocorrelation 0.49
0., Discount factor autocorrelation 0.56

O¢my O¢ys 0¢,a | Sentiment shock standard deviations 0.15
g TFP shock standard deviation 0.26
oy Noise shock standard deviation 0.26
Oz Interest rate shock standard deviation 0.14
o, Discount factor shock standard deviation | 0.14

Table 5: Standard Monthly Calibration

Figure [10| plots the dynamic effects of an inflation sentiment shock in the dynamic New
Keynesian model. For ease of comparison with our estimated shocks, the sentiment shock
is scaled to equal one standard deviation of those estimated in the baseline results (around
0.35 percentage points, top right panel).

The intuition for the model responses (red circles) resembles that of the static model

in Section [2] but the dynamics are driven by the Calvo pricing friction — that only a fixed

35In the multi-sentiment VAR, 50% of income variance is due to sentiments, but only 11% is due to the
inflation sentiment. This contrasts with our baseline VAR, which assigns 51% of income variance to the
inflation sentiment.
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Figure 10: Inflation Sentiment Shock: Dynamic New Keynesian Model versus Baseline VAR
Estimates

fraction of firms can reset their prices each period. Initially, inflation expectations rise due
to the sentiment. Because prices are sticky, firms that can change their prices today will
increase them, as they want to avoid their prices being too low tomorrow. Thus, inflation
happens today. This is the direct impact of the sentiment shock. But there is also an
indirect impact, acting through rational expectations. Inflation today means that some
firms’ prices will be higher tomorrow. Consumers will thus substitute away from these
firms’ products, increasing demand for those that cannot increase prices today. Of these
firms, some will be able to reset prices tomorrow. And with higher demand, they will raise
their prices, creating inflation tomorrow. But firms today anticipate this — except for the
sentiment, their expectations are rational. So they respond by further raising prices todaym
This effect on future inflation is the “expectations multiplier”, and it is quantitatively large:
even though the central bank raises real rates, realized inflation over the next 12 months (the
top right panel) increases by around 0.8 percentage point. The multiplier is thus around
2.7 (as 0.8/0.3 &~ 2.7) This raises the rational expectation, producing an indirect impact on
forecasts around two times the size of the direct one. Indeed, this is why interest rates have

to rise so much — higher inflation erodes the real interest rate. If this is the framework that

36Forecasted inflation in this figure is for the following year, given by equation as it was in our empirical
analysis. This is why the rational component does not track the inflation impulse response exactly.
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central bankers have in mind when talking about inflation expectations, then they are right
to be concerned about them as an source of inflationary shocks.

However, these dynamics are clearly at odds with the estimated results from Section
also shown in Figure [10] (blue triangles). For the same sentiment shock, the estimated
responses are generally smaller in magnitude and of different sign for inflation and interest
rates. In particular, the measured inflation expectations multiplier — which is large and
positive in the model — is much smaller and negative. The ratio of realized one-year inflation
to the one-year-ahead inflation sentiment shock is around -0.3 versus almost 4 in the model.
In other words, the empirical puzzle we document cannot be explained by the dynamic New

Keynesian model.

6.3 Validating Our Identification

We now use the extended New Keynesian model developed in the preceding section to form
two tests our identification strategy.

The first test is a long-sample test, meant to uncover whether our method is at least
asymptotically valid. We simulate the model for 100,000 periods and estimate shocks to in-
flation sentiments using the semi-structural identification procedure in Section (3] applied to
a VAR featuring inflation, output, the interest rate, and year-ahead inflation expectations.
We use the multiple-sentiment method explored in Section to identify the inflation sen-
timent shock. The green triangles in Figure plot our estimates from the large sample.
The red circles plots the true impulse responses to the sentiment shock, just as in Figure [0}
These coincide almost exactly. This says that given enough data, we can precisely identify
the effects of inflation sentiment shocks from other sentiments, preferences, news, noise, and
other structural shocks in the model.

Although our method is asymptotically valid, it could be that our empirical results are
a fluke, due to statistical noise in a short sample. To assess this possibility we repeatedly
simulate 39 year samples, mimicking the data in our baseline regressions. The blue squares
in Figure [11] plot the median estimated impulse response function from these smaller sim-
ulations, while the gray shaded area is the bootstrapped 90 percent confidence interval.
Broadly speaking, the median is very close to the true shock and its impact. Moreover, the
confidence intervals at least on impact are tight enough to convincingly reject the possibility
that our results — disinflation, lower interest rates, and a hump-shaped output loss — could
be generated by a dynamic New Keynesian model of this sort. Further evidence for the
validity of our approach comes from the estimated response of the output sentiment, which
is indistinguishable from zero (bottom right panel). The rational expectation for output
does respond, though, since future output falls.

In the final row of Figure the estimated response of output expectations are all
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statistically indistinguishable from zero. This is because the effect of the shock on output
decays rapidly, the 12-month-ahead rational expectation is near zero. And the inflation
sentiment shock is also correctly estimated to have no effect on the output sentiment (bottom
right panel).

Together these exercises represent the acid test of our identification strategy. If some-
thing was wrong with our approach, it would recover counterfactual impulse responses.
That it does not, even in the presence of other potentially confounding shocks, says that
our method is valid.

Nevertheless, an important question remains: how does our method work? The answer
is that only sentiment shocks impact the non-rational part of agents’ forecasts. For example,
they cause inflation expectations ; 12 6 move distinctly from the mathematical conditional
expectation of inflation, E;m12. The economic shocks (news, noise, and preference shocks)
also affect expected inflation 7y ’12, but only because they affect the distribution of future
inflation, and thus its conditional expectation, E;m;112. And so for these shocks, wf 12 and
E;m¢+12 move in lockstep. Because our identification strategy is a device for uncovering the
covariation in the data where forecasts and rational expectations move differently, it can
identify the effects of sentiment shocks.

The method then separates inflation from other sentiments via the ordering within
the sentiment block. Both inflation and productivity sentiment shocks make the inflation
forecast 12 depart from the rational expectation E;m 2. But productivity sentiment
shocks do so for the output forecast as well, while inflation sentiment shocks only affect
output forecasts through the rational expectation. Therefore, within the sentiment block
A;f , we can identify the inflation sentiment shock by ordering inflation last, and letting Ag

(equation @D) be lower triangular, so that equation is a Cholesky decomposition.

7 Conclusion

We developed a novel method to identify sentiment shocks from a structural VAR with
aggregate data and empirical forecasts. When applied to inflation forecasts, we find a puz-
zle: a positive shock to inflation expectations are contractionary, deflationary, and induce
monetary loosening. This is inconsistent with the canonical New Keynesian model, in which
such shocks are inflationary, and only cause a recession if the following policy tightening is
sufficiently aggressive. Our findings suggest two avenues for additional work.

First: what explains the puzzle? Why are inflation sentiments deflationary? We explore
one possible explanation in Appendix[D] by considering agents who have behavioral instead
of rational expectations. When we identify sentiments as distortions to alternative forward-

looking beliefs such as diagnostic expectations, the puzzle persists. But, if beliefs are
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sufficiently backwards-looking, such as adaptive expectations, sentiment shocks can become
inflationary.

Second: our method for identifying sentiments is robust, and can apply to expectations
of quantities other than inflation. Do sentiments of future productivity have the effects that
a long information frictions literature predicts? What of sentiments for other variables with

measured expectations, such as interest and exchange rates, income, wages, and so forth?
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Figure 11: Validation Exercise: Structural Impulse Responses to an Inflation Sentiment
Shock

The “long simulated sample” shows the point estimates of the structural VAR decomposition using a single
sample of 100,000 points. The shaded range shows the 90 percent confidence interval from 1000 shorter
simulations, each of 39 years, the length of our data sample. “Short sample median” is the median across
these 1000 simulations.

40



References

Adam, Klaus and Mario Padula, “Inflation Dynamics and Subjective Expectations in
the United States,” Economic Inquiry, 2011, 49 (1), 13-25.

Adams, Jonathan J., “Behavioral Expectations Equilibrium Toolkit,” Working Papers
001012, University of Florida, Department of Economics May 2024.

Andre, Peter, Carlo Pizzinelli, Christopher Roth, and Johannes Wohlfart, “Sub-
jective Models of the Macroeconomy: Evidence From Experts and Representative Sam-
ples,” The Review of Economic Studies, November 2022, 89 (6), 2958-2991.

Angeletos, George-Marios, Fabrice Collard, and Harris Dellas, “Business-Cycle
Anatomy,” American Economic Review, October 2020, 110 (10), 3030-3070.

Aruoba, S. Boragan and Thomas Drechsel, “Identifying Monetary Policy Shocks: A
Natural Language Approach,” March 2022.

Ascari, Guido, Stefano Fasani, Jakob Grazzini, and Lorenza Rossi, “Endogenous
uncertainty and the macroeconomic impact of shocks to inflation expectations,” Journal
of Monetary Economics, April 2023.

Barsky, Robert B. and Eric R. Sims, “News shocks and business cycles,” Journal of
Monetary Economics, April 2011, 58 (3), 273-289.

Barsky, Robert B and Eric R Sims, “Information, Animal Spirits, and the Meaning of
Innovations in Consumer Confidence,” American Economic Review, June 2012, 102 (4),
1343-1377.

Beaudry, Paul and Bernd Lucke, “Letting Different Views about Business Cycles Com-
pete,” NBER Macroeconomics Annual, January 2010, 24, 413-456. Publisher: The Uni-
versity of Chicago Press.

_ and Franck Portier, “Stock Prices, News, and Economic Fluctuations,” American
Economic Review, September 2006, 96 (4), 1293-1307.

— and _ , “News-Driven Business Cycles: Insights and Challenges,” Journal of Economic
Literature, December 2014, 52 (4), 993-1074.

Beladi, Hamid, Munit A. S. Choudhary, and Amar K. Parai, “Rational and Adap-
tive Expectations in the Present Value Model of Hyperinflation,” The Review of Eco-
nomics and Statistics, 1993, 75 (3), 511-514. Publisher: The MIT Press.

Benhabib, Jess, Stephanie Schmitt-Grohé, and Martin Uribe, “Monetary Policy
and Multiple Equilibria,” American Economic Review, March 2001, 91 (1), 167-186.

_,_ yand _ | “The Perils of Taylor Rules,” Journal of Economic Theory, January 2001,
96 (1), 40-69.

41



Bernanke, Ben S, Jean Boivin, and Piotr Eliasz, “Measuring the effects of monetary
policy: a factor-augmented vector autoregressive (FAVAR) approach,” The Quarterly
journal of economics, 2005, 120 (1), 387-422.

Bernstein, Joshua and Rupal Kamdar, “Rationally inattentive monetary policy,” Re-
view of Economic Dynamics, April 2023, 48, 265-296.

Binder, Carola and Christos Makridis, “Stuck in the Seventies: Gas Prices and Con-
sumer Sentiment,” The Review of Economics and Statistics, March 2022, 104 (2), 293~
305.

Binder, Carola C., “Measuring uncertainty based on rounding: New method and ap-
plication to inflation expectations,” Journal of Monetary Economics, October 2017, 90,
1-12.

Blanchard, Olivier J., Jean-Paul L’Huillier, and Guido Lorenzoni, “News, Noise,
and Fluctuations: An Empirical Exploration,” American Economic Review, December
2013, 103 (7), 3045-3070.

Bordalo, Pedro, Nicola Gennaioli, and Andrei Shleifer, “Diagnostic Expecta-
tions and Credit Cycles,” The Journal of Finance, 2018, 738 (1), 199-227. _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1111/jofi.12586.

_, —, Yueran Ma, and Andrei Shleifer, “Overreaction in Macroeconomic Expecta-
tions,” American Economic Review, September 2020, 110 (9), 2748-2782.

Brissimis, Sophocles N. and Nicholas S. Magginas, “Inflation Forecasts and the New
Keynesian Phillips Curve,” International Journal of Central Banking, June 2008.

Cagan, Phillip, “The Monetary Dynamics of Hyperinflation,” in Milton Freidman, ed.,
Studies in the Quantity Theory of Money, University of Chicago Press, 1956.

Candia, Bernardo, Olivier Coibion, and Yuriy Gorodnichenko, “The Macroeco-
nomic Expectations of Firms,” Forthcoming in Handbook of Economic Expectations, 2021.

Chahrour, Ryan and Kyle Jurado, “News or Noise? The Missing Link,” American
Economic Review, July 2018, 108 (7), 1702-1736.

and _ , “Recoverability and Expectations-Driven Fluctuations,” The Review of FEco-
nomic Studies, January 2022, 89 (1), 214-2309.

Christiano, Lawrence J., “Cagan’s Model of Hyperinflation under Rational Expecta-
tions,” International Economic Review, 1987, 28 (1), 33-49. Publisher: [Economics De-
partment of the University of Pennsylvania, Wiley, Institute of Social and Economic
Research, Osaka University].

_ , Martin Eichenbaum, and Charles L. Evans, “Chapter 2 Monetary policy shocks:
What have we learned and to what end?,” in “Handbook of Macroeconomics,” Vol. 1,
Elsevier, January 1999, pp. 65-148.

42



Clarida, Richard, Jordi Gali, and Mark Gertler, “Monetary Policy Rules and Macroe-
conomic Stability: Evidence and Some Theory,” The Quarterly Journal of Economics,
February 2000, 115 (1), 147-180.

Clements, Michael P. and Ana Beatriz Galvao, “Measuring the effects of expectations
shocks,” Journal of Economic Dynamics and Control, March 2021, 124, 104075.

Cochrane, John H., “Permanent and Transitory Components of GNP and Stock Prices,”
The Quarterly Journal of Economics, February 1994, 109 (1), 241-265.

Coibion, Olivier, “Are the Effects of Monetary Policy Shocks Big or Small?,” American
Economic Journal: Macroeconomics, April 2012, 4 (2), 1-32.

_ and Yuriy Gorodnichenko, “What Can Survey Forecasts Tell Us about Information
Rigidities?,” Journal of Political Economy, February 2012, 120 (1), 116-159.

and _ , “Information Rigidity and the Expectations Formation Process: A Simple
Framework and New Facts,” American Economic Review, August 2015, 105 (8), 2644—
2678.

and _ , “Is the Phillips Curve Alive and Well after All? Inflation Expectations and
the Missing Disinflation,” American Economic Journal: Macroeconomics, January 2015,
7 (1), 197-232.

_ , Dimitris Georgarakos, Yuriy Gorodnichenko, and Michael Weber, “Forward
Guidance and Household Expectations,” Journal of the European Economic Association,
October 2023, 21 (5), 2131-2171.

_, Yuriy Gorodnichenko, and Rupal Kamdar, “The Formation of Expectations,
Inflation, and the Phillips Curve,” Journal of Economic Literature, December 2018, 56
(4), 1447-1491.

Curtin, Richard, “Inflation expectations and empirical tests,” Inflation Expectations,
2010, 56, 34—61. Publisher: Routledge New York.

D’Acunto, Francesco, Ulrike Malmendier, and Michael Weber, “What do the data
tell us about inflation expectations?,” in Riidiger Bachmann, Giorgio Topa, and Wilbert
van der Klaauw, eds., Handbook of Economic FExpectations, Academic Press, January
2023, pp. 133-161.

de Bruin, Wandi Bruine, Wilbert Vanderklaauw, Julie S. Downs, Baruch Fis-
chhoff, Giorgio Topa, and Olivier Armantier, “Expectations of Inflation: The Role
of Demographic Variables, Expectation Formation, and Financial Literacy,” Journal of
Consumer Affairs, 2010, 44 (2), 381-402.

Doh, Taeyoung and A. Lee Smith, “A New Approach to Integrating Expectations into
VAR Models,” Journal of Monetary Economics, August 2022.

Eggertsson, Gauti B. and Paul Krugman, “Debt, Deleveraging, and the Liquidity
Trap: A Fisher-Minsky-Koo Approach,” The Quarterly Journal of Economics, August
2012, 127 (3), 1469-1513.

43



Farmer, Leland, Emi Nakamura, and Jon Steinsson, “Learning About the Long
Run,” Working Paper 29495, National Bureau of Economic Research November 2021.

Forni, Mario, Luca Gambetti, Marco Lippi, and Luca Sala, “Noise Bubbles,” The
Economic Journal, September 2017, 127 (604), 1940-1976.

_y_4,_,yand _ , “Noisy News in Business Cycles,” American Economic Journal: Macroe-
conomics, October 2017, 9 (4), 122-152.

Friedman, Milton, Theory of the consumption function, Princeton university press, 1957.

Fuhrer, Jeff, “The Role of Expectations in Inflation Dynamics,” International Journal of
Central Banking, 2012, p. 29.

Féeve, Patrick and Alain Guay, “Sentiments in SVARs,” The Economic Journal, Febru-
ary 2019, 129 (618), 877-896.

Gabaix, Xavier, “A Behavioral New Keynesian Model,” American Economic Review,
August 2020, 110 (8), 2271-2327.

Gali, Jordi, Monetary policy, inflation, and the business cycle: an introduction to the new
Keynesian framework and its applications, Princeton University Press, 2008.

_ and Mark Gertler, “Inflation dynamics: A structural econometric analysis,” Journal
of Monetary Economics, October 1999, 44 (2), 195-222.

Gazzani, Andrea, “News and noise bubbles in the housing market,” Review of Economic
Dynamics, April 2020, 36, 46-72.

Gelain, Paolo, Nikolay Iskrev, Kevin J. Lansing, and Caterina Mendicino, “In-
flation dynamics and adaptive expectations in an estimated DSGE model,” Journal of
Macroeconomics, March 2019, 59, 258-277.

Hamilton, James Douglas, Time Series Analysis, Princeton University Press, 1994.

Hasenzagl, Thomas, Filippo Pellegrino, Lucrezia Reichlin, and Giovanni Ricco,
“A Model of the Fed’s View on Inflation,” The Review of Economics and Statistics, July
2022, 104 (4), 686—704.

7

Jonung, Lars, “Perceived and Expected Rates of Inflation in Sweden,” The American

Economic Review, 1981, 71 (5), 961-968.

Jorda, Oscar, “Estimation and Inference of Impulse Responses by Local Projections,”
American Economic Review, March 2005, 95 (1), 161-182.

Kim, Gwangmin and Carola Binder, “Learning-through-Survey in Inflation Expecta-
tions,” American Economic Journal: Macroeconomics, April 2023, 15 (2), 254-278.

Kydland, Finn E. and Edward C. Prescott, “Rules Rather than Discretion: The
Inconsistency of Optimal Plans,” Journal of Political Economy, June 1977, 85 (3), 473~
491.

44



Kanzig, Diego R., “The Macroeconomic Effects of Oil Supply News: Evidence from
OPEC Announcements,” American Economic Review, April 2021, 111 (4), 1092-1125.

Lagerborg, Andresa, Evi Pappa, and Morten O. Ravn, “Sentimental Business Cy-
cles,” SSRN Scholarly Paper ID 3661442, Social Science Research Network, Rochester,
NY July 2020.

Leduc, Sylvain and Keith Sill, “Expectations and Economic Fluctuations: An Analysis
Using Survey Data,” The Review of Economics and Statistics, October 2013, 95 (4),
1352-1367.

_, _, and Tom Stark, “Self-fulfilling expectations and the inflation of the 1970s: Evi-
dence from the Livingston Survey,” Journal of Monetary Economics, March 2007, 54 (2),
433-459.

Levchenko, Andrei A and Nitya Pandalai-Nayar, “Tfp, News, and “Sentiments”:
the International Transmission of Business Cycles,” Journal of the European Economic
Association, February 2020, 18 (1), 302-341.

Mankiw, N. Gregory and Ricardo Reis, “Sticky Information versus Sticky Prices:
A Proposal to Replace the New Keynesian Phillips Curve,” The Quarterly Journal of
Economics, November 2002, 117 (4), 1295-1328.

_ ,_ ,and Justin Wolfers, “Disagreement about Inflation Expectations,” NBER Macroe-
conomics Annual, January 2003, 18, 209-248.

Mavroeidis, Sophocles, Mikkel Plagborg-Mgller, and James H. Stock, “Empirical
Evidence on Inflation Expectations in the New Keynesian Phillips Curve,” Journal of
Economic Literature, March 2014, 52 (1), 124-188.

Milani, Fabio, “Expectation Shocks and Learning as Drivers of the Business Cycle,” The
Economic Journal, May 2011, 121 (552), 379-401.

_, “Sentiment and the U.S. business cycle,” Journal of Economic Dynamics and Control,
September 2017, 82, 289-311.

Nasir, Muhammad Ali, Daniel Balsalobre-Lorente, and Toan Luu Duc Huynh,
“Anchoring inflation expectations in the face of oil shocks & in the proximity of ZLB: A
tale of two targeters,” Energy Economics, February 2020, 86, 104662.

Nicholson, William B, David S Matteson, and Jacob Bien, “VARX-L: Structured
regularization for large vector autoregressions with exogenous variables,” International
Journal of Forecasting, 2017, 33 (3), 627-651.

_ , Ines Wilms, Jacob Bien, and David S Matteson, “High Dimensional Forecasting
via Interpretable Vector Autoregression.,” J. Mach. Learn. Res., 2020, 21 (166), 1-52.

Nunes, Ricardo, “Inflation Dynamics: The Role of Expectations,” Jour-
nal of Money, Credit and Banking, 2010, 42 (6), 1161-1172. _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1111/j.1538-4616.2010.00324.x.

45



Roberts, John M., “Is inflation sticky?,” Journal of Monetary Economics, July 1997, 39
(2), 173-196.

Rudd, Jeremy and Karl Whelan, “New tests of the new-Keynesian Phillips curve,”
Journal of Monetary Economics, September 2005, 52 (6), 1167-1181.

_ and _ , “Can Rational Expectations Sticky-Price Models Explain Inflation Dynamics?,”
American Economic Review, March 2006, 96 (1), 303-320.

Savignac, Frédérique, Erwan Gautier, Yuriy Gorodnichenko, and Olivier
Coibion, “Firms’ Inflation Expectations: New Evidence from France,” Working Paper
29376, National Bureau of Economic Research October 2021.

Sims, Christopher A., “Macroeconomics and Reality,” Econometrica, 1980, 48 (1), 1-48.
Publisher: [Wiley, Econometric Society].

Smets, Frank and Rafael Wouters, “Shocks and Frictions in US Business Cycles: A
Bayesian DSGE Approach,” American Economic Review, June 2007, 97 (3), 586—-606.

Stock, James H. and Mark W. Watson, “Implications of Dynamic Factor Models for
VAR Analysis,” Working Paper 11467, National Bureau of Economic Research July 2005.

Stock, James H and Mark Watson, “Dynamic factor models,” in Michael P. Clements
and David F. Hendry, eds., Ozford Handbook on Economic Forecasting, Oxford: Oxford
University Press, 2011.

Uhlig, Harald, “A Toolkit for Analysing Nonlinear Dynamic Stochastic Models Easily,”
in Ramon Marimon and Andrew Scott, eds., Computational Methods for the Study of
Dynamic Economies, Oxford University Press, October 2001, p. 0.

Weber, Michael, Francesco D’Acunto, Yuriy Gorodnichenko, and Olivier
Coibion, “Reality Check: How People Form Inflation Expectations and Why You Should
Care,” SSRN Scholarly Paper ID 4058361, Social Science Research Network, Rochester,
NY October 2021.

Werning, Ivan, “Expectations and the Rate of Inflation,” Working Paper 30260, National
Bureau of Economic Research July 2022.

Wong, Benjamin, “Do Inflation Expectations Propagate the Inflationary Im-
pact of Real Oil Price Shocks?: Evidence from the Michigan Survey,” Jour-
nal of Money, Credit and Banking, 2015, 47 (8), 1673-1689. _eprint;:
https://onlinelibrary.wiley.com/doi/pdf/10.1111/jmcb.12288.

46



A Proof of Theorem [1I
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damental shocks can be arbitrarily reordered or otherwise unitarily transformed. Any de-

composition of AL (AL) to select a AL then gives AJ}Z by equation (6). m

B Extensions to the Motivating Model

B.1 Passive Monetary Policy

- a
— |

'AD

y
y

(b) Response to Sentiment Shock without Taylor

(a) Steady State without Taylor Rule Rude

Figure 12: New Keynesian Sentiment Shock without a Policy Response

In the motivating model of Section [2], an inflation sentiment shock caused inflation while
lowering output and interest rates. The inflation response is unambiguous, but can the AD
shift dominate so that output increases? Yes, if the central bank’s interest rate policy is
relatively passive.

To see why, it is helpful to think about the special case where the central bank does
not respond to inflation at all: ¢, = 0. Then the AD curve is vertical, as shown in Figure
Without the central bank’s policy response, inflation increases by more, because the
AS curve rises along a vertical AD curve. On top of this, the AS curve shifts to the
right; agents expect high inflation, so real real rates are low, boosting consumption and
output, even though nominal rates rise (as the Taylor rule still puts weight on the output
gap). So overall, the shock has positive real and nominal effects: inflation, output, and
the interest rate all rise. When ¢, > 0, the outcome is slightly different. With a flatter
AD curve, output can fall. The specific condition for an increase in (; to reduce y; is that

1=6:8__ - . Indeed, in most standard calibrations (where ¢ > 1 and ¢, > 0), this

Prht+dy+y
effect dominates and the shock causes a recession.
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B.2 Whose Sentiment?

What if different actors in the economy form expectations differently? In this section we
vary who receives the sentiment in the static New Keynesian model, and consider how it
affects the predictions of the canonical theory.

We consider shocks to three different forecasts: those of firms, households, and the

central bank. We denote the inflation forecasts of each of these sectors by 7[';’;, 772}1 4, and
el
chb,t

their Taylor rule to depend on expected inflation. Together with the Euler equation and

m -, respectively. In order to allow sentiments to affect the central bank directly, we modify

New Keynesian Phillips Curve, the 3 equation model becomes:

New Keynesian Phillips curve: = 677?2 + Ky
Euler equation: it = Ee[v(ye1 — ye)] + ”Zit
Modified Taylor rule: it = GyYt + GnTt + Qbeﬂ'si)lt

The firms’ inflation forecast ﬂ'?: enters the New Keynesian Phillips curve, which charac-
terizes the optimal price setting decision by sticky price firms. The households’ inflation
forecast ﬁi’it enters the Euler equation, which describes their optimal consumption-savings
decision. Finally, the central bank’s inflation forecast wceg)?t appears in the new Taylor rule.

As before, the dynamic New Keynesian model reduces to a two-equation static model
when sentiments are i.i.d. If we allow firms, households, and central banks to receive

different sentiment shocks, the static New Keynesian equations become:

= BCre + Kyt [AS]
Grms = —(dy + 7)Yt + Chht — Pelebyt [AD]

where (¢, Chnyg, and (¢ denote sentiment shocks to firms, households, and the central

bank respectively.

m - T
_-—— ~o
\ J— —AS .. AS
\ e S ——
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(a) Shock to Firms (b) Shock to Households (c) Shock to Central Bank

Figure 13: New Keynesian Response to Different Sentiment Shocks
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Figure [I3] plots the response of the macroeconomy to each type of sentiment. When
firms’ sentiments (s, increase (panel (a)), they set prices higher ceteris paribus, shifting
the New Keynesian Phillips (AS) curve up. This raises inflation, which prompts policy
to tighten, increasing the real interest rate and contracting output. When households’
sentiments (pp+ increase (panel (b)), they expect higher inflation, perceive real interest
rates to decline, and increase consumption. This moves the economy up along the Phillips
curve, increasing real output and contemporaneous inflation, despite the central bank’s
response of raising rates to combat the inflation. When the central bank’s sentiment (. ¢
increase (panel (c)), it preemptively raises interest rates (¢, > 0), reducing current inflation
and creating a recession.

Crucially, all three sentiments result in monetary policy tightening. If households or
firms receive a sentiment shock, inflation increases and the central bank raises interest
rates. If the central bank receives a sentiment shock, it mistakenly raises rates, creating
deflation. There is no way that a sentiment shock in this static model can result in a
decrease in interest rates. Furthermore, the only way that sentiments can result in deflation
is if they overwhelmingly affect the central bank. How do these predictions compare to the

data? Only the sentiment shocks to the Fed’s forecasts are consistent with these effects.
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C Additional Empirical Results

This appendix reports additional findings and robustness checks.
C.1 Dynamic Variance Decomposition
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Figure 14: Variance Decomposition

The variance decomposition for each horizon in the baseline model. Shaded ranges show a 90 percent
confidence interval, computed from bootstrap with 500 replications.

Figure [14] presents the variance decomposition from our baseline estimation for a variety
of horizons. The variance shares are due to either non-fundamental (sentiment) shocks, or
the many fundamental shocks, which are added together into one object. The figure shows
that inflation sentiment shocks are responsible for a relatively large share of the variation
of inflation expectations at short horizons but less at longer ones. This presumably reflects
the fact that the direct (via (;) and indirect (via E;ms41) effects of the sentiment shock on
expected inflation offset, limiting their overall effects. In the long run, around 80 percent
of the variation in inflation expectations is due to fundamental factors. Similar long-run
effects hold true for most other variables, with inflation sentiments driving between around
10 and 20 percent of the variation. For industrial production, however, sentiment shocks
seem to be of significant and growing importance at long horizons, consistent with the large

and delayed response of industrial production to sentiment shocks. Together, the patterns
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in Figure [I4] imply that sentiment shocks may be an important driver of macroeconomic

fluctuations in both the short and long run.

C.2 Lag Length for the VAR

The lag length for our baseline VAR is rather short, at only 3 lags for monthly data. To
check that this is not substantively affecting our results, Figure [L5] compares the estimated
responses using a variety of lag lengths. Qualitatively, the results are very similar across
specifications: when the inflation sentiment increases, inflation falls, real activity contracts,
and interest rates decline. Quantitatively, the results are a little different at shorter lags,
with the output and interest rate responses attenuated slightly in the one- and two-lag
specifications. However, more extended lag structures certainly do not overturn our results.
If anything, they strengthen them, with more persistent output and interest rate responses.

Why do we end up with such a short lag structure? Our interpretation is that the
inflation forecast contains quite a lot of useful information. By improving the accuracy of
the VAR, including forecasts allows the model to fit just as well without so many lags of

other variables. In other words, stated forecasts are a good substitute for extra lags

Inflation, one year ahead inflation cummulative,
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sentiment
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Figure 15: Impulse Responses to a Sentiment Shock for Lag Structures
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C.3 Local Projections

As mentioned in the main text, as a further check on our work we also compute the impulse

responses estimated by local projections in the style of |Jordal (2005)). For h =0,..., H we

estimate:
fth+h M fth—j
Tith | = Bn@e + Z B | m—; | +utsn (31)
Yt+h 7=l Yi—j

where 2V is the estimated sentiment shock from the structural VAR with lag length M.
The object of interest is the vector of coefficients §;,, which traces out the local projection
of the impulse response to the structural shock, conditioned on M lags of the dependent
variables.

We compute this set of responses for a variety of lag lengths, just as with do with the
VAR in Section For any given lag length M, we match the estimated structural shock
to that derived from the VAR with the same lag length. One consequence is that the h =0
response is, by construction, identical to the VAR. This can be seen in Figure where
the immediate responses line up identically. This is not only a useful check that we are
comparing like with like across the VAR and local projections responses, but it also makes
clear that this is a test of the extent to which the propagation of the identified shocks
are shaped by the assumptions implicit in using a VAR. The most notable are that the
true model is linear and that the model is well-specified. This seems particularly for our
application given that we identify shocks from the dynamics. And so we should check that
those dynamics are at least robust to these assumptions.

The local projections also offer a particularly clear opportunity to falsify our results
about awverage inflation in the 12 months after the shock. We do this because inflation
expectations are typically measured at 12-month horizons, and we want to match expecta-
tions of higher inflation inflation over the same horizon. But because the 12-month ahead
inflation outcome is a function of the model dynamics, if our VAR gets the dynamics wrong,
then this key result could be overturned.

Figure compares our VAR results to the local projection in the base case, where
M = 3. Despite some volatility in the estimates, the local projections confirm our VAR
responses, with average inflation, real activity and the federal funds rate all declining in the
short term. An important corroboration of our main results is in the short-term inflation
response, which is not only negative on impact but broadly negative thereafter, confirming
that the change in sign is not merely an artefact of the estimation method but instead
something deeper.

In Figure [17] we check that the local projection specification itself is not sensitive to the
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lag length. It is not. The effect of lag length on the local projection is much the same as
on the VAR, in that at sufficiently short lag lengths (1 or 2), the projection is sensitive to
adding further lags. However, beyond 3 lags the results are broadly stable.

C.4 Confidence Intervals across FAVAR Models

Section [5.3] estimated several Factor-Augmented VARs as alternatives to our baseline spec-
ification. The impulse response functions resembled our baseline estimates, which we pre-
sented in Figure [7] without confidence intervals for readability. But how do the confidence
intervals compare? shows the 90 percent confidence intervals for period 0 responses for
each model, which look generally similar. Sentiment shocks increase forecasts but decrease
the rational component of inflation expectations. Even though 12-month inflation declines,
the shock increases the immediate monthly inflation, and the Fed responds by reducing the
interest rate. And while medium-run real activity contracts, the effect is delayed because
industrial production does not immediately change, at least not in a way that is statistically

significant.

C.5 Machine Learning

Machine learning methods for selecting VAR models allow out-of-sample forecast perfor-
mance to select the appropriate statistical model. We apply four methods proposed by
Nicholson et al.| (2017) and Nicholson et al.| (2020), each of which imposes a penalty for
VAR coefficients different from zero. The first is a basic least absolute shrinkage and selec-
tion operator (LASSO) where the penalty is linear in the absolute value. The second is an
elastic net regularization approach, which applies a linear combination of the LASSO and
ridge (i.e. quadratic) penalties. The third, is a component-wise hierarchical VAR (HVARC),
restricting candidate models to those where each row of the VAR lag matrix has non-zero
coefficients up to a row-specific maximum lag. The fourth is a tapered LASSO, which
downweights longer lags. In all cases the penalty functions depend on tuning parameters.
These are selected by rolling cross-validation on the middle third of the sample. The final
third of the the data is reserved for model evaluation, as measured by the out-of-sample
mean square forecast errors.

Figure shows the impulse responses from the four machine learning methods. As
with the FAVAR approach, they are qualitatively very similar to our baseline estimates.
Overall, the shock is well-identified as broadly deflationary in the the price level declines
in the 12 months after the shock. Real activity declines, although perhaps not as soon or
as far as in our baseline. The one area where the machine learning models differ from our

baseline is in the policy response, which appears to be much smaller. Another benefit of
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the machine learning approach is that models have straightforward criteria to evaluate their
efficacy. We discuss and compare model performance in Appendix

Overall, the model selection broadly validates our measurement of the inflation senti-
ment and our characterization of its macroeconomic impact as deflationary (one-year-ahead
inflation falls) and contractionary (real activity declines). One aspect of our results that
the model selection exercise does not completely confirm is the response of monetary policy,

which is much more muted in all the alternative models.

Avg. AIC Basic BasicEN HVARC Tapered

Frac. active coeflicients 0.26 0.86 0.99 0.99
Mean MSFE 87.58 R&.14 6.40 7.11 6.62 6.04
MSFE st dev 5.98 3.00 2.51 2.65 2.57 2.30

Table 6: Machine Learning Forecast Evaluation

“Basic”: VAR coefficients selected by LASSO; “BasicEN”: LASSO, but with an elastic net loss function;
“HVARC”: Component-wise lag-length; “Tapered”: Lag-weighted LASSO

A benefit of a machine learning approach is that one can more easily evaluate the mod-
els themselves. Unlike with the FAVAR approach, where one hopes that one has “enough”
factors, cross-validation means that within a given category of model one is likely picking a
near-optimal specification. And by reserving a portion of the data for out-of-sample evalu-
ation, different categories of models can be compared. Table [6] conducts such a comparison
for the four machine learning models and two benchmarks — the simple average for each
variable, and the AIC baseline we use above. In all cases, the machine learning methods
have superior out-of-sample performance, with the tapered-lag LASSO the best. That said,
the AIC baseline still performs remarkably well, with the best machine learning model offer-

ing only a 2.2 percent improvement in forecast accuracy relative to the naive unconditional

average |

C.6 OQil Prices

In this section, we study how oil prices affect inflation sentiments.

We augment our baseline VAR by including inflation in the WTT oil spot price. Figure
reports the IRFs to an inflation sentiment shock. The additional variable quantita-
tively affects the shape and scale of some of the IRFs, but the qualitative conclusions are
unchanged: the sentiment shock in deflationary, contractionary, and reduces interest rates.

However, an oil shock is a particularly interesting fundamental shock because it could

itself be an endogenous driver of inflation sentiments. To investigate this possibility, Figure

37(8.00 — 6.06)/87.78 = 2.2 percent.
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7?7 plots the responses to an oil price shock identified by causal ordering. The assumption
is that oil shocks are the only fundamental shocks that affect oil prices, and we implement
this assumption by letting the matrix A be lower triangular and ordering the oil shock
first among fundamental shocks. This is, of course, not the only way to identify the causal
impact of an oil price shock, but is a classic method that can also be implemented easily
within our existing semi-structural VAR approach.

A positive oil shock is inflationary: it increases consumer prices (top right panel) and
induces a monetary policy tightening (bottom middle panel). It also is associated with
higher real activity, at least over the first year (center panel); this may be because oil prices
are not completely exogenous to the US economy (Kanzig, 2021)), which is a large producer,
refiner, and consumer. Thus, like the sentiment shock, an oil price shock can move all
three of inflation, activity, and the interest rate in the same direction. So are our sentiment
shocks actually just oil shocks? We think this is unlikely, because of how the oil shock
affects inflation expectations.

Oil price shocks have a large effect on the inflation sentiment: after oil prices rise,
households raise their inflation forecasts by even more than the rational forecast (middle
left panel). Thus oil shocks can be a significant driver of endogenous inflation sentiments@
But an oil shock differs from our identified inflation sentiment shock in one important
regard: an oil shock makes the sentiment and inflation move in the same direction, while

the sentiment shock makes them move in opposite directions.

38 A large literature has documented that inflation expectations are especially sensitive to petroleum prices,
partially due to their salience. See for example |Coibion and Gorodnichenko| (2015b]), Wong (2015]), |Coibion
et al.| (2018), Nasir et al.| (2020), Kéanzig| (2021), [Hasenzagl et al.| (2022) or |[Kim and Binder| (2023)

56



Inflation, annual rate Inflation, one year ahead Inflation, one year ahead

cummulative, forecast cumulative
0.2 0.2
0.00
0.0
0.1
—-0.05
-0.2
— -0.10
0.4 0.0
-0.6 -0.15
'Thaﬁlﬁ&tﬂges":,?é,ﬁgﬁ?d Log Industrial Production * 100 Unemployment
0.0
0.3
0.15
-0.2
0.2
[} 0.10
3
[ -0.4
~ 01
0.05
0.0 -0.6
0.00
0 6 12 18 24
Commodity price inflation Federal Funds Rate
0.1
0.00
0.0
-0.05
-0.1
-0.10
0.2 -0.15
0 6 12 18 24 0 6 12 18 24
Horizon

Estimation method -®- Local projection =& VAR

Figure 16: Local Projection versus VAR Estimates

Figure shows the baseline model point estimates along with the local projection point estimates from the
equivalent (i.e. 3-lag) specification
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Figure 17: Local Projection Responses to a Sentiment Shock for Lag Structures

Figure the local projection point estimates from varied lag length specifications
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Figure 18: Sentiment Shock on Impact in Factor-Augmented VARs

Vertical bars show 90 percent confidence interval computed from 500 bootstrap replications.
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Figure 19: Model Selection by Machine learning

“Basic”: VAR coefficients selected by LASSO; “BasicEN”: LASSO, but with an elastic net loss function;
“HVARC”: Component-wise lag-length; “Tapered”: Lag-weighted LASSO
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Figure 20: Impulse Responses to a Sentiment Shock with and without Oil in the VAR

Structural impulse responses to a one standard deviation sentiment shock. The compared estimation methods
differ by whether they include oil price inflation as an extra variable in the VAR.

Figure 21: Response to an Oil Price Shock

Figure shows response of the VAR to a standard deviation “oil price shock”, defined as the first fundamental
shock when the fundamental block is ordered such that the oil price is first in the Cholesky decomposition
AF . Shaded ranges show a 90 percent confidence interval, computed from bootstrap with 500 replications.
The cumulative inflation over the next 12 months (i.e. the average of horizons 1 to 12 of monthly annualized
inflation) is the rational expectations component of inflation expectations. The inflation sentiment is the
difference between the response for the inflation forecast and the rational component. The current month’s
realized inflation is reported at the annualized rate. IRF units are “percent points”, which is literal for time
series reported as such (e.g. inflation) and 100x log values for the remaining series.
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D Departures from Full Information and Rational Expecta-

tions

In this section, we the investigate the extent to which strict full information rational ex-
pectations (FIRE) drive our results. In our baseline estimates, we identify sentiments as
departures from FIRE. But if agents fundamentally form their expectations in a non-rational
way, it may violate our identifying assumption that the sentiment shock is the only shock
that can cause forecasts to deviate from the rational expectation.

To assess the sensitivity of our results to the FIRE assumption, we consider alternate
identification strategies, treating sentiments as deviations from other commonly-used mod-
els of expectations. From these we conclude it is not strict FIRE that drives our results.
Rather, they depend only on agents being somewhat forward-looking, even if they have very
limited contemporaneous information or if they process that information irrationally. Our

puzzle is overturned only in cases where agents are entirely backward-looking.

D.1 Identification with Non-Rational Expectations

We generalize equation , relating the sentiment ¢/ to the measured forecast Ty 1 by
1 -
it = Bffme] + ¢

where the operator Ef denotes a non-rational form of expectations, of type /.
In Section 3| we calculated the rational expectation of inflation using the impulse response
vector <Z>fr. More generally, we can construct an analogous vector <Z>fr’h the captures the ¢-type

expectation of the horizon h inflation response to reduced form shocks u; such that

E[Ef[m}" p)lue] = ¢5"uy (32)

The identifying assumption is now that the type-f sentiment shock af’e

is the only con-
temporaneous shock that causes forecasts to deviate from the type-f expectations. This im-

plies a restriction on the matrix A¢ analogous to equation @

lh\—1 4h 40 F
Aé — < *® (1 - ¢7‘r,f) ¢7|',CAC ) (33)

* Aﬁ’F

where gzﬁfr’]} and gzﬁfr’fz denote the coefficients on forecasts and contemporaneous variables
respectively. Asin equation , * denotes unrestricted entries, of which there are n+2 in the
first column. In what follows, we consider four common types of non-rational expectations,

deriving the appropriate formula for gbf;’h. These formulas are summarized in Table
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Note that equation prefaces Ef[m;, 1] with the mathematical conditional expectation
operator E. This says that when we identify the shocks we are defining the sentiment as
the shock which causes stated expectations to deviate from the assumed behavioral rule.
That the impulse response is computed under the true distribution of outcomes says that
we are deducing the dynamics of expected inflation under the actual law of motion, given
that expectations are generated by the perceived law of motion described by I~Ef [m¢41]. Thus,
there is scope for feedback between the perceived and actual law of motion when we identify
the shock Y]

Expectations ngf;h vector Parameter Value

Rational Expectations ¢Z = 2:1 erBF -

Delayed Observation ¢>7€ Oh -

Partial Observation d),lr)o’h = ¢ZBU75B57U -

Diagnostic Expectations ¢2 %" = (1 4 §PF) gl 6PF = 0.55,—0.15 (Bordalo et al.|[2020)

Adaptive Expectations d)ﬁ?’h’ =0 d)ff’h’ =(1—64F)e, 04F =0.91 (Celain et al.| [2019)

Table 7: Restrictions for Each Type of Expectations

D.1.1 Delayed Observation

The first alternative model of expectations we consider is “delayed observation.” These DO-
type expectations assume that agents’ expectations do not respond to any contemporaneous
shock, relaxing the “full information” of FIRE. This may be because many macro time series
are released with a delay or because agents simply do not respond to recent news.

With these expectations, the only shock that can cause forecasts to move unpredictably
is the inflation sentiment shock. The is the structure assumed by Leduc et al. (2007));
the response to sentiment shocks can now be identified by Cholesky decomposition of the

variance matrix ¥. In our notation, DO-type expectations are defined by:
=DO[_h h
E 7 meen] = B [m ]

The assumption for DO-type expectations is that the current forecast depends on past
fundamental shocks and the current sentiment shock alone. This implies the restriction
on A’ that the submatrix containing the effect of current fundamental structural shocks
on forecasts is A?F = 0. In the general expression for the matrix restrictions, this is

equivalent to assuming ¢£ ?’h =0.

39We thank a referee for pointing out the relevance of the distinction between the perceived and actual
laws of motion.
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D.1.2 Partial Observation

Although straightforward, the delayed observation assumption might be a little strict. Some
important economic variables are observed immediately, while some that are not can be
accurately inferred from from other high frequency data. A more realistic information set
will contain some contemporaneous information.

We therefore also consider a modified version, “partial observation”, where we continue
to restrict agents from forecasting using the many time series that are only released with
a delay (e.g. unemployment, CPI, etc.). But we allow them to formulate forecasts using
contemporaneous data available at high frequency. The idea is that although forecasters
may not know the current unemployment rate, they can observe current interest rates or
other prices.

We stack the subset of contemporaneously observable high frequency variables into a
vector z;. And we continue to assume that forecasters in time t observe the prior states

Q1 = {x4—1,24-2,...}. The PO-type expectation is given by:
EfClnfp] = Elnfynlze, Q1]

Note that if z; were empty, this expression would reduce to the DO-type expectation.

We estimate two versions of PO-type expectations. In the first, the only contempora-
neous time series used in forecasts is the Federal Funds Rate. The Federal Funds Rate is
one of the most widely discussed economic statistics, and rare in that is observable with
no lag (unlike inflation or GDP). And even if not known precisely by all agents, it is cor-
related with costs which are directly observed — credit card debt, mortgages, student loan
repayments, and even the general position of the business cycle. In the second version, we
also let forecasters observe the commodity price index, because even though the index is
released with a delay, components of the CPI correlated with it, such as gasoline or energy
prices, are immediately observable.

When forecasters have partial observation, they rationally forecast using past time series
and current high frequency variables z;.

Let Z; denote the unpredictable variation of z, i.e.
215 = Zt — E[Zt|Qt_1]
Then the expectation becomes
=PO[_h ho|z h
E; 7 min] = EBlmdonl 2] + E[m Q1]
= E[E[nf,plue] 2] + Ee1[myy)
t+hlUtl1<t t—11""t+h
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= E[gf)ﬁutﬁt] + Et—l[ﬂgﬂrh]

To find the relevant vector gbf Oh project expectations onto the reduced form shock u;:
PO, _ mmPO_h
Oruy = BBy [ ue]

= E[E[ghue|Z] ue] + E[E—1 [nf p] ]
= GRE[E ] %] |u]

and if Z; is spanned by wu; (e.g. if z; only contains variables in the data vector x;) then
this vector reduces further to be ¢ E[ug|Z]. However, it may be useful to include other
observable high frequency variables that forecasters might use to nowcast the current state
of the economy (e.g. the stock market is informative about industrial production etc.)

Finally, let B, ; and Bz, denote the matrices such that
E[ut|2t] = IB%%th E[Et\ut] = B27uut
Then the PO-type vector is given by

POh __ h
T - ﬂBu,EBE,u

D.1.3 Diagnostic Expectations

We also relax the rational expectations part of FIRE. In this example, we assume that
agents’ (non-sentimental) inflation forecasts are formulated according to “diagnostic expec-

tations.” Popularized by |[Bordalo et al.| (2018), DO-type expectations are given by
EPP g = (14 0PP) B[y )] — 0P Beoa[mf )

With this form, agents overreact (if °F > 0) or underreact (if 0¥ < 0) to new
information, but rationally respond to old information. Whether forecasters overreact or
underreact depends on how the #PF is estimated. Therefore we conduct our analysis with
two different parameter values estimated by Bordalo et al.| (2020): they estimate §°F = 0.55
using a simulated method of moments, and #”F = —0.15 by running a regression following
Coibion and Gorodnichenko| (2015a).

To derive the DFE-type vector gb?E’h, start with the definition, and project onto the
reduced form shock wu;:

¢, = BIEPE [l s

= (1+ 0PP)E[Ey[nf', ] [us] — OPPE[By 1 [m]' 4] |ue]
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= (1+67%)glu

This restriction vector is proportional to the rational expectations vector ¢”, with propor-
tionality determined by the parameter §°F.

Furthermore, this restriction is equivalent (albeit with potentially dissimilar factors of
proportionality) for any form of expectations that is a linear combination of current and
past rational forecasts, including the sticky information introduced by Mankiw and Reis
(2002)) and the cognitive discounting studied by (Gabaix! (2020)).

D.1.4 Adaptive Expectations

Before the rational expectations revolution, inflation forecasts were commonly modeled as
the “adaptive expectations” of |Cagan (1956) and [Friedman| (1957). Adaptive expectations
are an entirely backward-looking heuristic. This contrast with diagnostic expectations which
are non-rational but still forward-looking.

We define AE-type expectations as the traditional form:
Ef P [npyp] = (1= 04F)nf + 04 PELE [y )]

Most estimated macro models assume a 4%
by changes to inflation. We adopt 4% = 0.91 which |Gelain et al| (2019) estimate in a
structural DSGE New Keynesian model@

AE-type expectations are entirely backwards looking. Because the rational expectation

close to 1, so that forecasts are nearly unaffected

never appears, we can derive the implied restriction in the A¢ matrix directly.
The submatrix A?E’F denotes the effect of fundamental shocks on the forecast. Adaptive
expectations assumes that this effect is proportional to the effect of fundamental shocks on

current inflation:
A?E,F _ (1 o QAE)eﬂACAE’F

where e, is the basis vector identifying the inflation dimension. To map this back to a
vector ¢ it implies that qbﬁ?’h =0 and ¢55" = (1 — 64F)e,

D.2 Results

Figure reports the estimated immediate responses of the VAR to inflation sentiment

shocks for each type of expectations. Results broadly fall into one of two categories.

“00ther estimates (sometimes with different notation) include: [Beladi et al. (1993) estimate 6% = 0.93
in a present value model of hyperinflations, |Christiano| (1987)) estimates 0.83 in a money demand model,
Curtin| (2010) estimates 0.89 in reduced form using the Michigan survey data.
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Figure 22: Sentiment Shock Effects for Different Types of Expectations

Each point is the estimate of the contemporaneous (i.e. period 0) impact of a sentiment shock for a different
type of expectations. Error vars show a 90 percent confidence interval, computed from bootstrap with 500
replications. The “Predictable Inflation Error” is the difference between the measured forecast and the
VAR-implied forecast; for rational expectations, this is the inflation sentiment. Diagnostic expectations
“over-reaction” and “under-reaction” use 8°F = 0.55 and —0.15 respectively

First, all specifications with some degree of forward-looking expectations resemble the
baseline. When forecasters have rational expectations (pink open circles), sentiments shocks
are deflationary (top right panel), contractionary (bottom middle panel) and lower interest
rates (bottom right panel). This is also the case for partial observation, where agents ratio-
nally forecast, but the only contemporaneous data they observe are high frequency variables:
the Fed Funds Rate (green upward pointing triangles) and additionally with commodity
prices (teal squares). When agents have diagnostic expectations (blue diamonds and purple
downwards pointing triangles), sentiment shocks are also deflationary, contractionary, and
reduce interest rates.

Second, the two strictly backwards-looking specifications are dissimilar from our base-
line. When agents’ forecasts cannot be affected by contemporaneous structural shocks

(delayed observation, red X’s) or can only be affected through contemporaneous inflation
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in a fixed functional form (adaptive expectations, orange closed circles), then the implied
sentiment shocks are inflationary, and neither contractionary nor expansionary. These re-
sults reconcile our findings with those of Leduc et al. (2007)), who estimate the delayed
observation specification and also find that shocks to expectations are inflationary. Why
is the adaptive expectations specification similar? The identifying assumption for delayed
observation is that the shock-impact matrix A is lower triangular, and adaptive expecta-
tions imply that A is nearly triangular by assuming that innovations to current inflation are
the only other driver of forecast innovations. Moreover, the calibration of 1 — §4F = 0.09
implies that the effect of inflation innovations on forecasts is small.

There are two possible interpretations of these findings. One is that our puzzle is
robust. Weakening either the full information part of FIRE (the partially-observed case)
or the rationality part (diagnostic expectations) preserves the puzzle. This view says that
our results do not rely on agents’ superhuman forecasting powers. Rather, agents need only
be somewhat forward-looking: they might not use all relevant information or they could
overreact or underreact to news and the puzzle still stands. The second interpretation
is that there is no puzzle, just misidentification: either agents simply do not update their
forecasts with new data (delayed observation) or they do not update their forecasts correctly
(adaptive expectations).

Which interpretation is correct not a question we can answer here: our method cannot
jointly estimate the model for expectations and the sentiment process. Instead, the correct
interpretation is a matter of which assumptions one finds more plausible. That said, both
ways of looking at our results agree on one thing. Identification under the assumption in
the canonical model — full information rational expectations — does not deliver the expected

positive multiplier on inflation.

E Implementing Noise Shocks

The dynamic New Keynesian model features “noise shocks”. At time ¢, agents observe the

noisy signal v; of the future productivity shock ¢, ;:
Vvt = 5?+1 + 1

where 14 is the i.i.d. noise shock. But this is not an equilibrium condition; rather, it is
a modification of agents’ information sets. How can these shocks be applied to standard
solution methods that implicitly assumes expectations are projections onto current and past
fundamental shocks?

When solving the model, we recast the information structure as one where agents receive

incomplete news about the future, instead of receiving noisy signals. (Chahrour and Jurado
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(2018) prove that these noisy information structures have equivalent news structures. In

our case, we can model the productivity shock as a sum of i.i.d. components:
5?_,_1 = V1 +

where Y441 is unanticipated but ¢ is known in period t.
To map from noise to news, we have to match the variance of the forecastable component

of future productivity shocks. For the news structure, this is simply:
Var(Efef1]) = Var (9¢41)

While for the noise structure, this is:

. Cov(vg, %, 1) Var(ed.,)
Var(Eileiiq]) = Var (th> = Var (Vwr’(i):)lvt

. Var(5?+1)2 _ Va?”(fgﬂ)z
 Var(v) Var(ef, ) + Var(n)

So the news representation of our noise structure is the one where

Var(a?H)Q

Var (0r41) = Var(et ) +Var(v)

and the variance of forecast errors gives the remaining parametrization

Var(s) = Var(ef, ) — Var (¥41)

F Solving the Model

This appendix describes how we solve the dynamic New Keynesian model in Section [6]
with sentiment shocks. We implement the method using the BEET toolkit (Adams, 2024)),
which is a wrapper for the [Uhlig (2001) toolkit, so the following description uses Uhlig’s
same matrix notation.

The vector Z; stacks the 6 endogenous variables (m, yi, it, y; 3 Ty 1 Ty 12) while the
vector Z; stacks the 7 exogenous variables ( (T, ¢/, ¢, at, xt, 21, €%).

In equilibrium, #; satisfies the matrix equation
0="F;[FZ1 + GT+ HTy 1 + L7 + M7 (34)

where the matrices (F, G, H, L, M) encode the 6 equilibrium conditions - .
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The vector Z; follows the law of motion
5=NZ+é (35)

where the matrix IV encodes the 7 laws of motion - , and €; is the vector of shocks

¢m Gy Ca
(5t LTS e s €Ly Uy St)-

In equation , E, [-] is a subjective expectations operator. It differs from the rational

expectations operator E;[-] in one way:

E¢lat1] = E¢[az11] + ¢

Expectations are rational when forecasting every other series including y,+1 and w41, be-
cause we directly coded distortions to those forecasts in equations and . But,
sentiments about underlying exogenous states such as a; do not have such a simple repre-
sentation.

A solution to the model is a recursive law of motion
Ty = Pr 1+ Q7%
Plugging into equation gives
0= E; [FPi; + FQ% 41 + Gy + HEy 1 + Lz + MZ)

Let Q:,; denote the vector of sentiments about exogenous variables (i.e. zeros everywhere

except (/' in the a dimension) so that
Et[a—&-l] = Ei[Zi41] + éﬁ =Nz + @
Plugging this expectation into the equilibrium condition gives
0= FPi, + FQNZ + FQ( + G%, + Hiy,—1 + LNZ, + L{ + M2,
and using the recursive law of motion again gives

0= FP?%_, + FPQZ + FQNZ + FQG + GPZ_, + GQZ + Hi;_1 + LNZ + L, + M2,

Let Z denote the matrix isolating the sentiments about exogenous states so that ft = ZZ%.

Substitute this in and collect terms:

0= (FP?+GP+H) %1+ (FPQ+ FQN + FQZ + GQ + LN + LZ + M)
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Finally, the matrices P and () must satisfy the two equations
0=FP*+GP+H 0=FPQ+FQIN+2)+GQ+ LN+ 2)+ M

Thus we have translated the model into a form that can be solved as in Uhlig| (2001). The
main difference from a rational expectations model is that the matrix (N + Z), encoding

the perceived law of motion, takes the place of N in Uhlig’s formulation.

G Alternative Treatments of Inflation and Forecasts

In this appendix, we address concerns about the relationship between the inflation and
forecast series.

First, the CPI time series has regular small revisions, and forecasters might be targeting
the initial inflation release rather than the revised released. To determine whether our con-
clusions are robust to this concern, we rerun the baseline VAR with the initial CPI inflation
releases as reported by the Philadelphia Fed. Figure[23|reports the implied impulse response
functions (blue squares). They are largely unchanged from the baseline specification (red
circles).

Second, to be consistent we detrend and deseasonalize all of our time series individually.
But if agents do not have FIRE, their detrended forecast will not necessarily be the same
as their forecast of a detrended variable. To determine whether our conclusions are robust
to this concern, we rerun the baseline VAR, except we transform the forecast series using
the trend and seasonal factors from the true inflation series. Figure 23| reports the implied
impulse response functions (green triangles). Again, they are qualitatively unchanged from
the baseline VAR.

H Time Series Plots

In Figures we plot the time series data — both unadjusted as well as deseasonalized

and detrended — used in our various empirical exercises.
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Figure 23: Impulse Responses with Alternative Treatments of Inflation and Forecasts

Figure compares the baseline results in the paper to two different versions that the referee suggests: using
the initial CPI release as an approximation to real-time CPI data, and applying common seasonal factors
and trend to expectations and inflation.
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Figure 24: Time Series of Inflation Forecasts
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Figure 25: Time Series of Interest Rates
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Figure 26: Time Series of Financial Variables
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Figure 27: Time Series of Real Activity variables
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Figure 28: Time Series of Money and Credit Variables
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