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Abstract

Using randomized control trials (RCTs) applied over time in different countries, we study
whether the economic environment affects how agents learn from new information. We
show that as inflation rose in advanced economies, both households and firms became more
attentive and informed about publicly available news about inflation, leading them to
respond less to exogenously provided information about inflation and monetary policy. We
also study the effects of RCTs in countries where inflation has been consistently high
(Uruguay) and low (New Zealand) as well as what happens when the same agents are
repeatedly provided information in both low- and high-inflation environments (Italy). Our
results broadly support models in which inattention is an endogenous outcome that depends
on the economic environment.
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“Tell me and I forget. Teach me and [ remember. Involve me and I learn.”  B. Franklin

I Introduction

The environment in which we live shapes our behavior and beliefs. Those who grew up during
the Great Depression, for example, tend to be more wary of taking on financial risk (Malmendier
and Nagel 2011). Those who lived through hyperinflations are similarly scarred by the experience
and are less likely to invest in risky assets (Fajardo and Dantas 2018). While the effects of
historical episodes on behavior can be studied ex-post, it is more challenging — but of paramount
importance for policy making — to study how the beliefs of individuals evolve in real time. In this
paper, we study how a changing inflation environment alters the learning process of individuals.

To characterize how learning evolves with the economic environment, we bring together
a wide range of randomized control trials (RCTs) across countries and time in which some
individuals were provided with publicly available information about inflation, such as the most
recent inflation rate or the central bank’s target. The extent to which individuals adjust their
economic expectations in response to this information tells us about their learning process and
prior knowledge about inflation. In a nutshell, when economic agents place a lot of weight on
the provided information, this indicates that it is new to them, a sign of having been inattentive
to publicly available information about inflation. When individuals are already informed about
such news, the information provided should have little effect on their beliefs. Thus, the strength
of the response of expectations to exogenously provided information speaks directly to the
inattentiveness of individuals to such news.

We show that as inflation has increased to historically high levels in the past few years,
households and firms in the U.S. and euro area have become less responsive to information
treatments involving information about inflation. According to our theoretical framework, four
channels could explain this time variation in treatment effects: changing uncertainty about
inflation, changing persistence of inflation, changing trust in inflation statistics or monetary
policy, or changing prior knowledge of publicly available information. We provide new evidence
that the latter explanation (i.e. changing knowledge about publicly available information about
inflation) provides the best explanation for the empirical patterns that we document. As the
inflation environment has changed, so too has the degree of inattention of individuals to publicly

available news about inflation. Our results therefore complement other recent studies that have



examined the changing degree of inattention as inflation rises (e.g., Bracha and Tang
forthcoming, Korenok, Munro and Chen 2023, Pfauti 2023).

Assessing changes in the degree of inattention across different inflation regimes is
empirically challenging. In a changing environment, economic agents are subject to idiosyncratic
and aggregate shocks that affect them differently due to their heterogeneous characteristics. As a
result, economic agents’ time-varying unobserved characteristics (e.g., economic sentiment, risk
aversion) correlate with prevailing conditions and are likely to confound the inference on their
attention to inflation. Our key innovation relative to existing studies is that we rely on a sequence
of RCTs to assess how inattention changes across economic environments. By design, the random
allocation of subjects (and their unobserved characteristics) between treatment and control groups
ensures that the role of attention can be consistently estimated at each given point in time and
allows us to obtain reliable comparisons across inflation regimes.

To this end, we construct a unique collection of many such RCTs fielded in nationally
representative surveys of households and firms for different countries and periods to speak
directly to the changing degree of attention. Our first setting for doing so is a sequence of RCTs
applied to surveys of U.S. households participating in the Nielsen Homescan Panel, starting in
2018Q2, when inflation was close to 2%, and continuing through much of 2021 to 2023, the
period in which U.S. inflation rose sharply. We show that as inflation rose, survey participants
responded significantly less to exogenously provided information about inflation, consistent with
them becoming more informed. The change in the effect is particularly strong for treatments
involving recent inflation rates, indicating that households have been paying much more attention
to inflation dynamics, and is smaller for treatments involving the Federal Reserve’s inflation
target, indicating that learning about monetary policy has been more limited. Using five different
RCTs implemented first in the Netherlands (in 2018Q2) and then in the euro area using the
European Central Bank’s (ECB) Consumer Expectations Survey (CES) from 2021 to 2023, we
similarly find that European households’ response to information about inflation fell sharply as
the inflation rate increased. Finally, using two RCTs conducted in the Atlanta Fed’s Business
Inflation Expectations survey in 2019 and 2023, we again document a decline in the

responsiveness of U.S. firms to exogenously provided information as the inflation rate increased.



Why necessarily attribute this time variation in treatment effects to a different inflation
environment? First, we provide evidence based on the ECB’s CES that 60% of households surveyed
in 2023M1 reported that they were paying more attention to inflation when inflation was high than
they had previously. Furthermore, households that report being attentive to inflation have
expectations and perceptions of inflation that are much closer to actual levels of inflation and
generally respond significantly less to information treatments than do households that report paying
little attention to inflation. Second, we use four RCTs from firms in Uruguay to study the effects of
repeated information treatments in an environment where annual inflation has consistently been
high (approximately 8%) during the 2018-2023 period. We show that Uruguayan firms’ short-term
inflation expectations did not respond to information treatments about recent inflation or the central
bank’s inflation target in 2018, 2019 and 2023, in line with the notion that agents in higher inflation
environments consistently choose to pay more attention to inflation. Third, we use four RCTs
applied to firms in New Zealand from 2014 to 2019, when inflation was consistently low. We find
for this setting that all information treatments had large and powerful effects on the expectations of
these firms, in agreement with the notion that agents in low inflation environments consistently
choose to pay little attention to inflation. Fourth, using repeated quarterly RCTs applied to a panel
of firms in Italy over a decade, we show that, again, the magnitude of the estimated effects of
information treatments fell as the inflation rate rose. Finally, pooling all RCTs across countries and
time, we find a clear negative relationship between the level of inflation and treatment effects.

Our paper builds on a growing literature that applies RCTs in macroeconomics to study
how new information shapes expectations and how these expectations subsequently affect
economic decisions. Much of this literature has focused on inflation expectations (e.g., Armantier
et al. 2016) as we do here, but others have applied similar techniques to study expectations of
housing prices (Armona, Fuster and Zafar 2019, Chopra, Roth and Wohlfart 2023), income
expectations (D’Acunto et al. 2020), the state of the business cycle (Roth and Wohlfart 2020),
asset prices (Beutel and Weber 2022), monetary policy (Coibion et al. 2023a), economic
uncertainty (Coibion et al. 2022, Kumar et al. 2023), and other topics. These studies typically
focus on a single RCT to generate exogenous variation in the beliefs of treated individuals relative
to an untreated control group, potentially raising concerns about external validity if a similar RCT

were to be implemented in a different context. Relative to these studies, our main contribution is



to consider a large number of comparable RCTs applied to households and firms and in different
countries, periods and economic environments. As a result, we shed more light on the state-
dependence of inattention to inflation. Our results therefore inform policymakers on how
anchored inflation expectations are and how powerful policy communication can be.

Our paper is also closely related to recent work studying the time variation in inattention
paid by individuals to economic conditions. Coibion and Gorodnichenko (2015) estimated time
variation in information rigidities of professional forecasters, showing that information rigidities
went up during the Great Moderation. Goldstein (2022) finds that inattention falls after large shocks.
Bracha and Tang (forthcoming) focus on inattention by U.S. households to inflation, as measured
by people saying “I don’t know” when asked about current inflation levels, and show that this metric
historically declines when inflation is higher.! Korenok, Munro and Chen (2023) show that, across
many countries, Google searches for “inflation” rise with the level of inflation whenever inflation
exceeds a threshold around 4%. Pfauti (2023) estimates how strongly inflation expectations of
households and professionals in the U.S. respond to past forecast errors and shows that higher
inflation periods are associated with larger responses to past errors, consistent with changing
inattention. Other papers document that inattention to broader macroeconomic conditions is
procyclical (An, Abo-Zaid and Shen 2023, Song and Stern 2023, Flynn and Sastry 2023 and Link
etal. 2023b). Relative to these papers, we use the response of expectations to exogenously provided
information in RCTs to measure inattention across countries and environments. Our RCT-based
findings complement these other papers by illustrating the endogenous nature of inattention.

Finally, our paper builds most closely on the path-breaking work of Cavallo, Cruces and
Perez-Truglia (2017). They compare a treatment providing information about recent inflation to
college graduates and supermarket shoppers in Argentina, where inflation was over 20% at the
time of the survey, and to crowd workers on Amazon Mechanical Turk in the U.S., where inflation
was about 2%. They document a striking difference in how strongly respondents in the two
countries react to the public information about inflation: Argentine individuals placed far less

weight on the provided information and more weight on their priors than U.S. individuals,

!'In related work, Binder (2017) documents that one can use rounding of reported inflation forecasts to measure
knowledge and uncertainty about inflation.



consistent with people living in a high-inflation environment being more attentive to inflation.?
Like them, we compare the effects of RCTs in low- and high-inflation environments to
characterize how the level of inflation affects how attentive individuals are. Yet, due to the much
larger number of RCTs available to us, we can address some limitations associated with this prior
work. For example, because there are many differences between Argentina and the U.S., one
cannot necessarily attribute the difference in the effects of the information treatments estimated
at a given point in time to the level of inflation. In contrast, because we study the changing effects
of RCTs within a country over time, we can more precisely identify the role of the inflation
environment in driving inattention. Furthermore, we can do so for both households and firms in
nationally representative samples. In addition, we use a theoretical model to discipline our
empirical analysis and distinguish among possible mechanisms. Overall, our results strongly
support the view of Cavallo, Cruces and Perez-Truglia (2017) that the inflation environment has
first-order effects on how attentive individuals are to inflation developments.

The paper is organized as follows. Section II describes the randomized provision of
information and how the results of RCTs speak to the inattention and optimal information
choice of economic agents through the lens of a theoretical model. Section III presents empirical
evidence for U.S. households, euro area households, as well as U.S. firms and examines the
underlying theoretical mechanisms that could be at work. Section IV considers additional
evidence from firms in Uruguay, firms in New Zealand, and firms in Italy. Section V presents

results pooled across all RCTs, while Section VI concludes.

1I Inattention, Information Treatments and the Economic Environment

When processing information is costly to agents, either because of the opportunity or mental
costs involved, they will naturally make decisions about how much attention to allocate to
different areas that may affect them. The macroeconomic environment is one such domain.
When economic conditions are volatile or risky, agents may choose to pay more attention to

their economic environment than during normal times.

2 A related result is in Link et al. (2023a) who rely instead on cross-sectional variation in inattention within a
country. They study the effects of an information provision experiment in Germany that was applied to both
households and firms. They show first that firms are overall better informed about recent conditions than
households. They then find that firms respond less to the provided information than households, again consistent
with the notion that more informed agents are less responsive to new information.



2.1 Existing Evidence of Time-Varying Inattention
To what extent do we see variation in inattention as economic conditions change? Bracha and Tang
(forthcoming) study this question for U.S. households participating in the University of Michigan’s
Survey of Consumers (MSC). Using the phrasing of the inflation expectations question, Bracha and
Tang (forthcoming) note that one can identify the fraction of households that anticipate constant
inflation but do not know the current inflation rate. The latter can be interpreted as one measure of
inattention, and they show that this measure of inattention is greater when U.S. inflation is lower.
A closely related measure of inattention is to compare households’ reported perceived inflation rates
with actual inflation rates, the idea being that attentive households would have better knowledge of
recent inflation than inattentive households. In Figure 1, we plot the perceived inflation rates of U.S.
households (measured using the Nielsen survey described in Section 3.1) against actual inflation
(Panel A) as well as that of euro area households (Panel B) using the CES (described in Section
3.2). In both cases, we see that households significantly overestimated inflation when inflation rates
were low but average perceptions got very close to actual inflation once inflation started rising.
Korenok, Munro and Cheng (2023) use the intensity of Google searches about inflation to measure
how attentive households are to inflation and find that, in many countries, attentiveness increases
with the level of inflation once inflation exceeds a threshold. Pfauti (2023) studies how strongly
expectations of households and professionals in the U.S. respond to past forecast errors, a measure
of inattention derived from theoretical models. He finds that higher inflation periods are associated
with larger responses to past forecast errors. Coibion and Gorodnichenko (2015) show that the
predictability of forecast errors stemming from ex-ante forecast revisions provides another metric
of how attentive agents are. They find that U.S. professional forecasters’ attentiveness declined
during the Great Moderation. Goldstein (2022) uses a similar approach to study time variation in
inattentiveness of professional forecasters in Israel. Borraz, Orlik and Zacheo (2023) emphasize
that firms in Uruguay have consistently been well informed about inflation during a period in which
inflation was consistently high. Focusing on inattention to broader economic conditions, recent
papers have documented the countercyclicality of attention (An, Abo-Zaid and Shen 2023, Song
and Stern 2023, Flynn and Sastry 2023 and Link et al. 2023b).

In Figure 2, we provide additional evidence in the same spirit but from households in the

euro area showing that their attentiveness to inflation has increased as the level of inflation in the



euro area has risen. In the 2023M1 wave of the CES, households were asked how attentive they
were to inflation. As shown in Panel A, only about 20% of households reported that they paid no
attention or little attention to inflation, indicating that most households were paying at least some
attention to inflation. Households were also asked whether they were paying more or less attention
to inflation compared to 12 months prior, when inflation was lower. As shown in Panel B, over
60% of households answered that they were paying more attention to inflation, consistent with
inattention varying with the level of inflation. Furthermore, as shown in Panel C, inattention is
not innocuous: those households who reported paying more attention to inflation tended to have
forecasts closer to recent inflation levels (8.6% in January 2023). However, more attention does
not seem to translate into more confidence: Panel D shows that uncertainty in inflation forecasts

does not vary systematically with attention.

2.2 Measuring Inattention through Information Treatments

While the accuracy of the perceived level of recent inflation is a natural measure of inattention,
it should be viewed as only suggestive because inattention is self-reported and causality toward
forward-looking beliefs cannot be established. Furthermore, it does not tell us how much, or
even whether, new information would change expectations, which is of direct interest for
policymaking and communication. Instead, our aim is to measure the attentiveness of economic
agents through their responsiveness to exogenously provided information about inflation and
monetary policy. In this approach, survey respondents are assigned either to a control group
that receives no information or to a treatment group that is provided with publicly available
information (e.g., Armantier et al. 2016, Cavallo, Cruces and Perez-Truglia 2017, and Coibion,
Gorodnichenko and Kumar 2018). The effect of the treatment on beliefs can then be evaluated
through the following regression specification of posterior beliefs on prior beliefs:

posterior; = a + X prior; + § X [; + y X I; X prior; + error; (1)

where [; is an indicator variable equal to one if agent i is in the treatment group and thus receives
a signal. In principle, one should expect « = 0, = 1, and y € [—1,0]. Figure 3 shows a visual
representation of one such experiment on inflation expectations of U.S. households participating
in the Nielsen Homescan Panel (we provide more details on this survey in Section 3.1; see also
Coibion, Gorodnichenko and Weber 2022). All participants are first asked for their inflation

expectations using a distributional question (assign probabilities to pre-specified bins of possible



future inflation rates)® and then are assigned to either a control group that does not received any
additional information or one of several treatment groups which receive information. The three
treatments in Figure 3 reflect being informed about recent inflation, the Fed’s inflation target, or
the FOMC’s inflation forecast.* Finally, all respondents are asked to provide their inflation
expectations again, this time through a point forecast. In equation (1), the coefficient S represents
the relationship between prior and posterior beliefs of the control group. As said above, one would
expect the slope coefficient to be one. However, since priors and posteriors are measured using
two different questions, it is not uncommon for the estimated slope to differ from one and in this
case the estimated slope is 0.85 and statistically different from one.’

Learning by households in this context is best captured by y which measures the change
in the slope of the relationship between priors and posteriors for the treated groups. If the provided
information has no effect on beliefs, y will be equal to zero and the slope linking priors and
posteriors will be the same as for the control group. However, a negative ¥ indicates that the
treatment group is placing less weight on their priors and more weight on the new information.
When 8 + y = 0, households are placing all the weight on the provided signal in forming their
posteriors and none on their prior beliefs. The fraction of S that is being offset by y is therefore
the key metric that allows us to assess how household beliefs change when presented with new
information. In Figure 3, it is immediately clear that the slope for each treatment group is much
flatter than for the control group. In each case, the slope coefficient is approximately 0.2,
indicating that households are placing a lot of weight on the newly provided information and very
little on their priors when forming their posterior beliefs. However, because the slope coefficient
for the control group is less than one, we cannot directly interpret the estimated y as capturing
how household beliefs change when presented with the new information. Furthermore, as we

discuss later, some experiments measure posteriors in subsequent waves rather than immediately

3 When we compute implied means and standard deviations, we use mid-points of the bins. For the top bin
(inflation will be greater than 12%) we use 14% as the mid-point. For the bottom bin (deflation will be greater
than 12%), we -14% as the mid-point.

4 Because high inflation is often associated with volatile inflation, one should also have treatments that target the second
moment of households’ beliefs (see e.g. Kumar et al. 2023) to separate level vs. volatility effects of inflation.
Unfortunately, we do not have such treatments in our sample. As a result, we estimate the “total” effect of changes in
the level and volatility of inflation. We hope that future work can address this limitation of our analysis.

> RCTs often use two different question formulations to measure priors and posteriors because asking survey
participants to answer the exact same question multiple times in the same survey can lead to increased panelist
attrition rates and raises the concern of survey demand effects (see Haaland et al. 2023).



after the information provision.® In this case, 8 can be less than one as information decays over
time.” Hence, one needs to normalize 7 by the estimated slope of the control group to recover the
effective weight on priors. As a result, we will focus on 7/8 (i.e., the scaled change in slope) as
the most informative metric of how inattentive agents are, that is, how much flatter the
relationship between priors and posteriors is for the treatment group relative to the control group.

Our empirical strategy consists of studying how these information treatment effects vary
across different inflation environments. This approach builds explicitly on (i) Armantier et al.
(2016) in considering settings in which some randomly selected survey participants are provided
with information about inflation or monetary policy and comparing their posterior expectations
to those of a control group which were not provided with such information; (i7) Cavallo, Cruces
and Perez-Truglia (2017) in comparing the effects of these RCTs across countries to assess the
role that the inflation environment plays in explaining how informed economic agents are about
recent inflation dynamics; and (ii7) Coibion, Gorodnichenko and Kumar (2018) in using the
weight on the prior to measure the sensitivity to signals about inflation. Unlike these studies,
however, we can do these comparisons across a number of different countries and agents as well
as within a country over time, which allows us to effectively control for country-specific fixed
effects and more precisely identify the role of inflation in determining how informed economic

agents are. Table 1 summarizes the countries and surveys that we will rely on for this purpose.

2.3 Theoretical Predictions for Information Treatment Effects

Before turning to the empirical results, we first consider what theory predicts about the size of
our estimated treatment effects in different inflation environments. To build intuition and
preserve tractability, we examine a two-period framework with a continuum of households,

where time is indexed by t € {0,1}.% Proofs of all Propositions are included in Appendix B.

A Consumption Choice Problem with Arbitrary Information Sets. Suppose each household

receives a nominal income of W at time 0 and can spend it on consumption across the two

¢ Although some variation in RCT design across surveys exists, the design is generally fixed within a survey and thus
we can compare results over time.

" For example, consider forecasting x,,, that follows an AR(1) process x; = px;_, + e, with p € (0,1). If
posterior beliefs are measured one period later, the slope coefficient on the prior for the control group is § = p <
1 rather than § = 1.

8 For an infinite horizon dynamic model with inattention, we refer the reader to Mackowiak and Wiederholt (2024).



periods. Households know the price of the consumption good C at t = 0, normalized at P, =
1, and can save some of their nominal income in cash, denoted by M, to purchase with it at
period 1 at nominal price P;. We assume that inflation at t = 1 is given by

m, =pt+u, n~N(0,02), u~N(0,62), 0%2>0,02>0
where  is the component of m; = P; /P, — 1 that is drawn by nature in period 0, and u is an
unanticipated shock to m; that is drawn by nature in period 1. Therefore, p > 0 captures the

persistence of inflation from period 0 to period 1. The household receives utility of u(C,) +

cl-v—1
1-y

Cy, C; are consumption levels in periods 0 and 1. Finally, for simplicity we assume that

u(C,), where u(C) = , with 1 > 0 being the coefficient of relative risk aversion, and

households perfectly observe m; at the beginning of period 1—so that C; is measurable in m;—
but are rationally inattentive in period 0 and optimally inform themselves about ; in a sense
that we will make precise below. For now, we note that given an arbitrary information set S;,
the problem of household i at time 0 is

i

1+m

V(S;) = max )[E [u(Ci,O) +u (Ci,1(7T1)) |Si] 5.t.Cio+M; <W,C; (1) <

Ci,0,Ci,1 (1
where V(S;) captures the value of the information set S; in terms of the quality of the

household’s consumption choice. We can then prove the following proposition:

Proposition 1. Let S denote the information set of an agent that perfectly observes all available
information at time 0, including . Then, a quadratic approximation to a household’s ex-ante
consumption equivalent losses from imperfect information set S; C S, around a non-stochastic
point with Cy = Cy and m; = 0, is given by
V(S) —V(S) Bp? Bp?
—————— | = ———E,[(E[xn|S;] — n)?] = ——— Var(n|S; 2
[ e LB [(Elmlsi] - m)%] = =2~ Var(zls) @

= —w(l_w_l)z.

where [ is the expectation operator at time () before 1 is realized and B .

Equation (2) shows that the household’s ex-ante losses from imperfect information S; are
proportional to the variance of the predictable part of inflation 7 conditional on this information

set.” The reason that uncertainty about 7 leads to ex-ante expected losses is that the household’s

® Such quadratic loss functions are characteristic of rational inattention models in Linear-Quadratic Gaussian
Settings (see Mackowiak, Matéjka, and Wiederholt, 2023, for a review).
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optimal consumption-saving decision depends on inflation in period 1, which determines the
return on their cash-holdings. Since ; depends on m only through the persistence parameter p,
the benefit of learning about 7 should obviously increase with this persistence, captured by p? in
Bp? /2. Furthermore, the parameter B, which depends on the degree of risk aversion, determines

the curvature of the household’s utility and thus also contributes to the value of information. '

Treatment Effects Under Arbitrary Information Sets. In mapping the survey to the model,
we assume that households participate in the surveys after they have acquired some information
about the predictable component of 1, denoted by m above. Hence, the control group consists
of households that have already acquired some information about inflation. Thus, before
specifying the information acquisition problem of households in period 0 and characterizing
their optimal information set, it is useful to map our setup to the structure of the survey and
derive how arbitrary information sets at time 0 will shape the treatment effects that we identify.

Formally, suppose household i observes a subset of signals S; from a set of available
Gaussian signals about  at time 0, denoted by S, and then rationally forms her posterior belief
given the joint (Gaussian) distribution of  and S;, with conditional mean of 7 being:

m; = E[m,|S;] = Cov(§{,n1) Var(§i)_1§i

where 7; is the expectation of household i about inflation in period 1 conditional on §;, and
S ; = vec(S;) is the vectorized version of the information set S;. For now we continue to think
of S; as being an arbitrary finite set of Gaussian signals about 7.

At the treatment stage in the survey, a researcher picks a signal S, =+ v, €S§,v,, L
T,vp ~ N (0, aﬁp), aﬁp > 0, about 7 and provides it to a random sample of the agents who form
the treatment group, which we denote with T. We assume all agents in T perfectly observe S,, and
update their beliefs based on Bayes’ law. While v,, is independent of 7, we also assume that it can
be correlated with agents’ signals in any S; only through S, i.e., v, 1 (n, Si \ {Sp}). Thus, since

S only contains Gaussian signals about 7, the implied posterior belief for treated individuals is:

10'We note that B is non-monotonic in ¥ as it controls both risk aversion and intertemporal substitution: at i) — 1,
income and substitution effects fully offset each other, and the household’s decision is independent of the
realization of 7, , captured by the fact that information, in this case, has no value at B = 0. However, as 1 deviates
from 1, information gains value (B > 0) as the household’s optimal consumption depends on 7, with either of
income or substitution effects dominating depending on whether i > 1 or < 1.

11



Cov(Sp,n1|§i) 5
~ S, — E[S,|S;
Var(Sp|Si) ( 14 [ P| l])

Note that if S, is a component of S;, i.e. the agent has already seen Sy, in the pre-treatment stage, it

T; = IE[7T1|Si,Sp] =m; +

follows that [E[Sp |S l-] =5,=>5,—E [Sp |§ i] = 0 and thus the posterior after the treatment should
be the same as the pre-treatment belief: 7; = m;. Intuitively, in this case, the agent has not observed
any new information and their belief should not move due to the treatment. With this result, we

obtain the following proposition that maps the model to the empirical specification in equation (1).

Proposition 2. Consider any information set S; S at time 0 and suppose v,, L (T[, Si \ {Sp}).

Then, a treated household i's post- and pre-treatment beliefs are related according to:

T, =1xm + ALG) Is,¢s,5p X I; — Var(nS) X 1g gs. X ; X [
! l c i i 2 i i i
o, B prior Var(n|S;) + o2y " P Var(r|S;) + o, b
§ 14

where 1; is the indicator that i is treated with Sy,. Furthermore, comparing this equation with
the empirical specification in Equation (1), the scaled treatment effect y /8 is given by:
Var(n|S;
Y__ (m|5:) X lgesy <O
B Var(m|S;) + o7, _ 3)

control for S, €S;

Kalman gain of S}, conditional on S;
Consistent with the empirical result shown for U.S. households in the Nielsen survey in 2018, the
model predicts that the magnitude of the treatment effect in the surveys should be weakly negative
and relates the size of the treatment effect to three factors: (1) the prior uncertainty of the agents
entering the survey (Var(nlgi)), (2) the perceived noise in the provided treatment (af'p), and (3)
whether or not S, is already in the agent’s information set ;. The first two channels operate through
the Kalman gain. If changes in the economic environment affect either the Kalman gain or the

likelihood that agents are already aware of the provided treatment, then treatment effects will vary.

Treatment Effect Under Optimal Information Sets. To make further progress, we need to
focus on agents’ incentives to acquire information. To this end, we present a simple model with
rational inattention that disciplines the joint distribution of 7, S;, and S, and makes predictions
for how y/f depends on the underlying incentives of the agents at the pre-treatment stage.

Intuitively, rational inattention models hinge on the idea that while agents have access to

12



arbitrarily accurate information, they may consciously choose not to use some of it due to
cognitive costs. For inflation, this means that households could gather and process highly
accurate information about the distribution of prices, e.g., by using their own shopping
experience to form beliefs about inflation (D’ Acunto et al. 2021). Importantly, this activity of
transforming these price observations into beliefs may be prone to cognitive costs.

This is different from S,, which in our experiments stands for information about
inflation that has already been processed in the sense described above, and thus is not subject
to such cognitive costs. So, one way to formalize our experiment would be to consider a model
where in addition to being able to process arbitrarily precise information subject to cognitive
costs—as in rational inattention models—agents can also access pre-processed signals that do
not incur cognitive costs, though perhaps subject to some accessibility cost.

Put simply, agents could decide to pay a fixed cost to research official statistics—Iike
searching on the web, acquiring professional forecasts of inflation or watching inflation-related
news—or they could rely on their own price samples from personal experiences and use cognitive
resources to convert those prices into an inflation statistic. This broader framework nests classic
rational inattention models when the fixed cost of accessing official statistics becomes infinitely
high. To operationalize this insight, we assume that agents prior to participating in the survey
behave according to a standard rational inattention model with the additional element that they
also have the option to observe S, by paying a fixed cost ¢ = 0.

With the ex-ante loss function described by Proposition 1, we assume that the cost of
processing information is linear in the reduction in entropy between the prior and posterior
distributions, as measured by mutual information, where the constant of proportionality, denoted
by w > 0, captures the cost of processing each unit of information.!! This setting translates to a

problem where the household decides if they want to pay the fixed cost and observe S, and how

much more information they want to process. The formal problem for choosing the optimal S; is:

' This assumption is a standard specification for the cost of processing information in the rational inattention literature,
but in our model, it is also desirable for an additional reason as it implies that the optimal posterior uncertainty is
independent of the prior uncertainty of households about ;. This implication is important because, as we discuss later,
we do not observe changes in the posterior uncertainty of survey participants across different inflation regimes. This
empirical result is consistent with a linear cost of mutual information, but not convex transformations of it. In fact, if we
were to assume that the cost of information is convex in mutual information (or posterior variance) we would conclude
that both posterior uncertainty and the treatment effect should increase with inflation volatility.
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. . 1 2 = . 1 2 2
min i + min {2 Bp?var(m|$) + wl(si;n|sp)},1}1ilg% EBp*var|$) + wI S m}.

Here, the first min operator captures the decision whether or not to acquire S,: the first
argument states the rational inattention problem of the agent conditional on observing S, and
the second argument captures the rational inattention problem without directly observing S,,.

This problem nests the conventional rational inattention problem when ¢ — 0.2 [(X;Y) =

1 ( Var(X)
2 Var(X|Y)

) 1s the mutual information between Gaussian random variables X and Y.

Finally, we assume w is small enough that agents always process some information on
their own—i.e., they are never in a corner solution in which their information set is empty or
just S, (agents always have some sample of prices in their information set that they use for
forecasting inflation). Formally, as we show in the proof of the following proposition, the

necessary and sufficient condition for this assumption to hold is Bipz < Var(m|S)).

oqe w
Proposition 3. Suppose 57 < Var(n|5p). Then,

1. It is optimal for the agent to always process enough information prior to taking the
survey so that their subjective uncertainty about 1 is set to the cost-benefit ratio
w/(Bp?), regardless of whether the agent chooses to observe S, or not:

)
B_pz'
2. The household pays the fixed cost and acquires Sy if and only if the fixed cost of

Var(n|§i) =

observing the pre-processed signal Sy, is smaller than the cognitive cost of processing

the amount of information revealed by S,, about 1

o) o2
SpESitz)d)SwI(Sp,n)ziln 1+ :

o
The first part of Proposition 3 shows that the optimal uncertainty of the household about 7 only

depends on w, p and B and is independent of the other parameters of the model, including the

12 This broader specification is of interest to us because, in a conventional rational inattention problem, agents have no
incentive to pay attention to official statistics like S,, since official statistics are weakly noisier signals about inflation
than 7 itself. Hence, if agents can process arbitrarily precise information about 7 and S, at the same cognitive cost,
learning directly about inflation is always more advantageous than learning about it through the signal S,,. In such a case,
one can then show that agents will never directly pay attention to S,,. Taking into account that official statistics are pre-
processed makes them attractive to agents despite their inherently noisier nature.
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prior volatility of inflation, ¢2, and the variance of the noise in the public signal, af,p.
Furthermore, the fact that the optimal subjective uncertainty is independent of the decision to
observe S, is particularly interesting because it shows that observing official statistics operates
only on a substitution margin, as it does not affect the final subjective uncertainty of agents once
they have processed their own information because the cost of attention is separable in agents’
uncertainty about inflation prior to processing information.

If agents’ incentives are such that they acquire the official statistic S}, on their own prior
to taking the survey, which happens when the condition in Part 2 of Proposition 3 holds, then
providing the official statistics to agents in the treatment group during the survey is a redundant
task that should have no effect on their beliefs. If S, is not observed by agents prior to taking the
survey, then providing the treatment group with S, during the survey should affect their beliefs
relative to the beliefs of agents in the control group. We can see this by substituting the optimal

w

subjective uncertainty, Var(n|§ l-) =57 in Equation (3), yielding:

R -
L4 w + Bp?0Z, p &5

Blier 0 S, €5,

This expression provides the precise magnitude of the treatment effect when S, € S;: once the

(4)

households update their beliefs, they put a positive weight on the treatment signal which
delivers the negative y/f ratio. If high inflation periods are such that pre-processed signals are
more informative about inflation (I(Sp, ) T) or the cost of acquiring them is lower (¢ 1), so
much that the condition in Part 2 of Proposition 3 holds, then agents would already have S, in
their information set and treating them with S, during the survey would have no effect.

We conclude this section with the following comparative statics Proposition that formalizes

the channels through which a changing inflation environment can alter estimated treatment effects.
Proposition 4. Suppose Bipz < Var(m|S,). Then within this parameter region:

1. Ifp > wl (Sp, n), then the size of the treatment effect, |y /B|, strictly increases with the

cost of processing information w. It also strictly decreases with the inflation persistence,
p, the sensitivity of the loss function captured by B, and the variance of the noise in the

public signal oy .
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2. Starting from ¢ > wl (Sp,T[), if the cost ¢ falls sufficiently, or alternatively inflation
volatility relative to the variance of the noise in public signal, 2 /aﬁp, increases
sufficiently so that ¢ < wl (.S'p, n), then the size of the treatment effect strictly decreases.

In short, there are several mechanisms through which we may see a decline in the estimated
treatment effect in a higher inflation environment. If households never observe S, on their own,
a decrease in the treatment effect can be a consequence of (1) a decline in w, which importantly
would increase the posterior variance of household’s beliefs,!* or (2) an increase in the
persistence of inflation p or the sensitivity of loss function B. Alternatively, the treatment effect
can also decrease if (3) the variance of the noise in public signals Gﬁ,p becomes larger (e.g.,
through higher variability of prices or less trust in public statistics). Finally, the treatment effect
can decrease if (4) inflation volatility 6% increases or the cost of acquiring the public signal ¢

decreases enough so that ¢ < wl (Sp, n) holds.

I Time-Varying Inflation and the Changing Effects of Information Treatments

In this section, we focus on RCTs applied to households and firms in the U.S. and the euro area
where we have the largest sample sizes and can compare within-country estimates in low- and
high-inflation regimes. In our analysis, we focus on information treatments that provide three types
of information: 7) past inflation (7, ); ii) inflation target (1r*); iii) inflation forecast from the central
bank (FfBm,,p,)."* These treatments should be relevant for inflation expectations and maximize

the coverage across countries and time. We report these treatments in Appendix Figure A.9.

31 U.S. Households

The Nielsen Homescan panel consists of approximately 80,000 nationally representative
households that regularly scan their purchases and participate in occasional surveys run by
Nielsen (see, e.g., D’Acunto et al. 2021). These surveys typically achieve response rates of around
20-25%, yielding survey sample sizes of 15,000-20,000 on average. Prior to the information

treatments, all households are asked about their inflation expectations through a distribution

13 To see this, note that this posterior uncertainty is given by Var(m,|S;) = p?Var(xw|S;) + 62 = w/B + 2.

14 If the forecast from the central bank was not available and not used in the treatment, we use the inflation forecast from
a survey of professional forecasters (SPF). The sensitivity to provided information may vary with the credibility of the
information source. Thus, whether inflation forecasts come from a central bank or a survey of professional forecasters
can matter. In practice, inflation forecasts from these two sources are very similar in our sample.
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question in which they assign probabilities to a range of possible inflation outcomes, following
the question design from the Federal Reserve Bank of New York’s Survey of Consumer
Expectations (SCE). From this question, we construct an implied mean forecast of inflation that
represents the prior belief of the household. Following the information treatments, all respondents
(including the control group) are asked to provide a point forecast for inflation over the next 12
months, which measures the posterior belief.

To assess how and whether inattention among U.S. households has changed over time, we
rely on the fact that similar RCTs as the one in 2018Q2 described in Section 2.2 were also applied
in subsequent survey waves. For example, in 2019Q1, another RCT was done in which only the
information treatment with the recent inflation rate was applied. Then, three more RCTs were run
in 2021, another two were done in 2022, and three more in 2023. Most of these included all three
information treatments. We plot the resulting estimates of the scaled treatment effect y /8 for each
wave and treatment separately in Panel A of Figure 4, along with the time series of U.S. inflation
and the average inflation expectations of households participating in the Nielsen surveys.!> A clear
pattern arises: the treatment effects remain very large (in fact even larger compared to 2018) in
2019 but fall (in absolute value) as inflation rises starting in 2021. For example, the scaled
treatment effects from providing the most recent inflation rate go from around -0.75 in 2018 to -
0.25 in late 2021 and early 2022, before increasing slightly in absolute value in late 2022 as the
inflation rate started to decline. While there is some sampling variation depending on the specific
treatment and survey wave, the results point toward a clear pattern of declining treatment effects
when inflation rises. Given that the change in the magnitude of the estimated effect is strongest for
treatments involving recent inflation rather than the FOMC target or forecast, this finding suggests
that households have become much more informed about recent inflation dynamics but only
somewhat more knowledgeable about the Federal Reserve’s inflation target.

One might worry that treatment effects may reflect a desire on the part of survey
participants to please the surveyors by reporting forecasts close to the provided information
(survey demand effects), without real learning taking place. There are three considerations against

this view. First, there is no a priori reason to expect survey demand effects to change over time

1S We present all unscaled estimates of y; in the Appendix. These are qualitatively the same as the scaled estimates but
generally present even stronger evidence of time-variation in inattention linked to the level of inflation.
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given that the RCTs are implemented in a consistent manner across survey waves and therefore
cannot readily explain the time variation in treatment effects that we document. Second, demand
effects are weaker in online surveys (De Quidt et al. 2018), the mode for most surveys in our data.
Third, one way to address this concern is to examine the persistence of treatment effects. For
example, since the Nielsen survey of households is implemented quarterly, one can consider
treatment effects after three months rather than immediately after the treatment is provided to
households. There is little reason to believe that survey demand effects would persist beyond the
current survey that implements the RCT, so this setting provides a natural check against this
alternative explanation. We do so by estimating the same specification as before but using
posterior beliefs measured using the subsequent quarterly survey. We report results for scaled
treatment effects in Panel B of Figure 4. While the treatment effects are smaller overall in absolute
value after three months than they were contemporaneously, especially when using the inflation
target or the inflation forecasts of the central bank, the same time series variation obtains:
treatment effects decline in absolute value as inflation rises, converging to around zero when
inflation reaches its peak. Survey demand effects are unlikely to explain this time variation.'®
These results are robust to a number of reasonable variations. For example, if we focus on
the unscaled size of treatment effects instead of the scaled version, the estimates are essentially
unaffected, both in terms of instantaneous treatment effects as well as treatment effects after three
months (Appendix Figure A.1). Another possibility is that agents learn about inflation as they
participate in the survey repeatedly, as emphasized in Kim and Binder (2023). In general, the RCT
set-up should be robust to this concern as survey participants with different tenures are equally
present in the control and treatment groups and some panel refreshment typically takes place in
online surveys. In any case, when we restrict our attention to households who have not participated
in the last wave or in the last two waves, we find the same patterns (Appendix Figure A.2) although
the precision of estimates decreases due to smaller sample sizes.!” We find similar results when
we explicitly control for the number of waves in which survey respondents have participated. Nor

is this pattern driven by only a subset of survey participants. When we split samples by age

16 Treatment effects after three months are naturally smaller given that treated agents partially forget the provided
information but also due to them receiving additional signals in between two survey waves.

17 As we discuss below, we find in other surveys that responsiveness to treatments stays stable within a given inflation
environment (e.g., New Zealand and Uruguay) when we use fresh draws of respondents for different survey waves.
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(Appendix Table A.2), political party (Appendix Table A.3), education (Appendix Table A.4) or
gender (Appendix Table A.5), we do not find any clear differences in the time variation in
treatment effects along any of these metrics. In short, these results confirm the findings of Cavallo,
Cruces and Perez-Truglia (2017) that inflation treatment effects are much smaller when inflation

is high and agents are attentive, but using multiple RCTs within the same country.

Examining Underlying Mechanisms. Our theoretical model points toward three possible
sources for this time-variation in treatment effects, as derived in Proposition 4 and its ensuing
discussion. One is that, with higher inflation, either the cost of processing information, w, has
gone down or the sensitivity of losses to 1 captured by B, has gone up (e.g., perhaps larger price
changes are more cognitively discernable when inflation is higher, or intertemporal substitution
is differentially elastic to higher inflation). Both these changes reduce the cost-to-benefit ratio of
acquiring information about the predictable component of inflation, and according to Proposition
4, reduce the size of the treatment effect, consistent with our findings. Intuitively, both these
changes motivate agents to acquire and process more information on their own. As a result, all
households become more informed relative to low inflation periods, which tightens their
posteriors and makes S, less useful for them if they are assigned to the information treatments.
Importantly, this prediction goes beyond our assumption of the linear mutual information cost:
any cost that allows agents to partially respond to their incentives—e.g., costs that are convex in
mutual information or posterior variance—would imply that a lower cost-to-benefit ratio should
translate into lower posterior variance. A key implication of this channel is therefore that
uncertainty in inflation forecasts should decline when inflation rises. Panel A of Figure 5 suggests
that this prediction is not supported by the data: uncertainty in inflation forecasts has been flat or,
if anything, weakly increased since the start of the recent inflation spurt.'®

One could also hypothesize an alternative but closely related mechanism that the

perceived persistence of inflation has changed. Because our surveys collect not only

18 A related explanation could be that economic agents pay more attention to economic news during turmoil periods
such as the COVID-19 pandemic which may confound our analysis of responses to information treatments in high-
vs. low-inflation environments. Unfortunately, we do not have RCTs during COVID-19 with low inflation for the
Nielsen data. However, our results based on other surveys suggest that, in terms of attention to inflation, the marginal
contribution of COVID-19 per se seems small. For example, Italy’s SIGE survey indicates that 2020Q1 may have
more attention (y/f rises) but in the 2020Q2 wave attention goes back to pre-COVID levels. We also find little if
any change in Uruguay which had high inflation during COVID and outside the COVID period.
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expectations but also perceptions of inflation, we can regress expectations on perceptions wave
by wave and examine whether the regression coefficient covaries with inflation. We find (Panel
C of Figure 5) that the perceived persistence of inflation is increasing in the level of inflation. '
Hence, a change in perceived persistence could potentially explain a change in treatment effects
over time. Indeed, Proposition 4 indicates that an increase in perceived persistence would be
expected to deliver a decline in estimated treatment effects for treatments involving current
inflation, consistent with results in Figure 3.

However, a change in perceived persistence also implies differential predictions for how
treatment effects would be affected depending on whether the provided information is about
current or future inflation. To see this, recall that in the model, an increase in p is predicted to
reduce posterior uncertainty about current inflation: Var(m|S;) = w/(Bp?). As a result, higher
persistence, like a lower w or a higher B, would lead agents to become more informed about
current inflation and therefore respond less to information treatments about recent inflation. But
unlike with a lower w or a higher B, posterior uncertainty about future inflation would not be
expected to decline, since Var(m,|S;) = p?Var(n|S;) + 62 = w/B + oZ. Thus, we cannot rule
out the persistence channel using Panel A of Figure 5, since the constant uncertainty about future
inflation is not inconsistent with a perceived change in inflation persistence. However, an
implication of this constant uncertainty about future inflation is that treatment effects coming

from information about future inflation should not vary over time. To see this, consider a

treatment with the FIRE forecast for inflation in period 1: Sz{ = Ef[m,] + v{; = pm + v£ where

v£ ~N (O, G‘}:,p) and compare it with our baseline treatment with last years’ inflation S, = 7 + v,,.
We can then see that when households do not pay the fixed cost of acquiring these signals

independently, {Sp,SIf,} & §;, the treatment effect for S, should decline with p (Proposition 4),

but the treatment effect for S{: is given by (y/B)’ = ———— which does not depend on p.*°
m+B(avlp)2

Intuitively, an increase in p makes agents become more informed about recent inflation, reducing

19 Using much longer time series for inflation forecasts at multiple horizons from the Survey of Professional Forecasters
and the Michigan Survey of Consumers, we find that this pattern holds more generally (Appendix Figure A.10). This
evidence also rules out an alternative potential effect of persistence where signals about past inflation, for example, are
less useful for predicting future inflation and hence treatment effects should decrease with inflation.

20 To see this, one can rescale Sz{ =m+ v;,c /p, which mathematically maps its treatment to our baseline treatment

in the model with S, = 7 + v,,, where o;;,, = (0,)*/p>.
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the effect of treating them with last year’s inflation S, but it also increases the signal to noise

ratio of Sg , which neutralizes the first effect and leaves the treatment effect of Sg unchanged.

However, Panel A of Figure 3 makes clear that we observe a decline in estimated treatment effects
coming from information treatments involving forecasts of future inflation or the Fed’s inflation
target as well as treatments involving recent inflation. Hence, the rise in perceived p cannot
explain all of the time variation in treatment effects that we observe.

The third mechanism is that official statistics are less credible/informative about future
inflation in high inflationary periods. While we do not have direct measures of
credibility/informativeness, we can utilize proxies to evaluate this mechanism. One interpretation
of the credibility issue is in fact a rise in persistence, that in high inflation environments the central
bank is unable to bring inflation down to its target swiftly, thus leading to the expectation that
current inflationary shocks would last longer and affect future inflation more. Under this
interpretation, we can rely on our previous argument to rule out this channel. Another interpretation
of this hypothesis is to posit that aﬁp increases in inflation, as shown in Proposition 4. To assess
this channel, we examine whether trust in the Federal Reserve and other government institutions
has changed over time. Panel B of Figure 5 shows that, according to Gallup surveys, the level of
trust for not only the Federal Reserve but also other government institutions has been generally
declining since the early 2000s with a bump-up in trust during the pandemic and reversal to the
trend after the pandemic subsided.?! The level of trust for the Fed chair was similar in 2014 and
2023. Thus, it seems unlikely that changes in credibility can account for our empirical results.

Finally, through the lens of our model, the decrease in the estimated treatment effect during
high inflation periods can also come from an increase in the share of individuals who are already
informed about the information provided in the treatments, which could stem from a fall in ¢, the
cost of accessing pre-processed signals about inflation, or an increase in ¢;2, which increases
1(Sp, ), the informativeness of such signals about inflation. Panel D of Figure 5 shows that not
only did households search more intensively for information about inflation during the inflation

surge (see Korenok, Munro and Cheng 2023), but the media also supplied more inflation-related

2! We find similar results when we use surveys about trust in institutions from Pew Charitable Trust. Interestingly,
trust in the European Central Bank, European Commission and European Parliament plunged during the
government debt crisis in 2014 but has been recovering since. This dynamic also does not support the notion that
changes in trust can explain the variation in estimated treatment effects that we observe.
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information. Furthermore, we note that, when inflation rose, households searched more intensively
for inflation forecasts which is consistent with the information in treatments (signal S, in our model)
already being in households’ priors. In short, better awareness about publicly available inflation-
related news in a high-inflation environment appears to be the most promising explanation for the
decrease in the power of our information interventions during the inflation spike.

It is important to note that this higher awareness of publicly available signals could be
either due to a fall in the cost of acquiring such information (¢ 1) or a consequence of an increase
in volatility of inflation (the a priori uncertainty of households in the model before they acquire
any information) (o, T) which increases both I (Sp, n) and could lead to more intense coverage
of inflation in the news as well as the informativeness of such news for households. We cannot

distinguish between these two alternatives based on our RCT evidence. This is because we only

observe households’ uncertainty affer they have acquired information (which is captured by Bipz

in the model) and never observe the a priori uncertainty of households about inflation before they

acquire any information (62 ) and cannot test whether this object increases with higher inflation.
However, to the extent that one would assign the higher coverage of inflation to an increase

in o2, then our findings have implications for the type of information cost functions that might be

governing the agents’ information acquisition. In particular, the fact that we do not observe any

changes in households’ uncertainty after they have acquired some information, — strongly favors
Bp?

the linear cost of attention in terms of mutual information because any curvature in the cost function
would suggest that posterior uncertainty should increase (for convex cost) or decrease (with non-
convex costs such as fixed cost of attention models) with households’ a priori uncertainty.

While both an increase in 62 or a decrease in ¢ increase attention of households about
public news and decrease the treatment effect, they have different implications for the total
amount of attention paid to inflation. Recall that total attention of household i to inflation in

our model is given by the mutual information between inflation and their information set S;:

w

I(m,S;) = %ln(Var(Tt) JVar(nls)) = %ln(o,zr) - % In (B_p2>

A key observation here is that this mutual information does depend on 62 but not on ¢. Thus,
while our evidence suggests that households’ attention to public news has increased with higher

inflation either due to an increase in 62 or a decline in ¢, their total attention is only weakly
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increasing in the sense that it might have either increased or remained the same depending on
which channel is at work. To see why, we note that unlike usual unidimensional rational inattention
problems, our model has a non-trivial margin of substitution between observing pre-processed
public news and processing information by sampling from the distribution of prices. All else equal,
a decline in ¢ operates only through the substitution margin by increasing the relative cost of
processing information versus observing pre-processed signals. But it does not affect total attention
as households simply reduce their own information processing to keep their posterior uncertainty
unchanged. However, an increase in 62 has two separate effects on attention: first, it increases the
value of the public signal as [ (Sp, n) goes up and accordingly triggers the substitution margin
where households substitute away from processing information and towards acquiring public

signals. Second, it increases total attention as households would now need to process more

information to attain the same level of posterior uncertainty, denoted by 3%2'

3.2 Euro Area Households

To complement the findings for U.S. households, we utilize a series of RCTs applied to the
ECB’s CES. The CES was established in 2020 and originally included France, Germany, Spain,
Italy, Belgium, and the Netherlands, while starting in 2022 the survey was also piloted in five
additional countries (Austria, Finland, Greece, Ireland, and Portugal). More detailed
information about the survey is provided in ECB (2021) and Georgarakos and Kenny (2022).
The CES can use occasional ad hoc modules to run RCTs to study how various information
interventions affect the beliefs of households in the euro area. We focus on RCTs implemented
in 2021Q4, 2022Q1, 2022Q2 and 2022Q4, all of which included at least one information
treatment about inflation to a randomized subset of participants. In the CES we measure prior
beliefs of households using one-year ahead inflation point forecasts reported before any
information treatment. After information treatments, households provide a point forecast for
year-ahead inflation, which serves as our measure of posterior beliefs.?? Each RCT also includes

a control group that is not provided with any information.

22 Only the most recent RCT (2022Q4) uses a distributional question after treatments to measure posterior beliefs.
In this case, we compare these posterior beliefs to respondents’ prior beliefs using information from a corresponding
distributional question asked before treatments.
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To assess the effects of information treatments on euro area households, we apply the
same empirical specifications as for the Nielsen survey, using both the instantaneous change in
forecasts within the survey as well as the inflation forecasts three months later. Panel A of Figure
6 plots the resulting estimates of scaled instantaneous treatment effects whereas Panel B of Figure
6 plots treatment effects after three months. In 2021Q4, inflation in the euro area was already
around 5%, so initial instantaneous scaled treatment effects are small, around -0.2. As the inflation
rate rose further to around 10% in 2022, we see that the treatment effects become even smaller,
even insignificantly different from zero in the final available RCT in 2022Q4 (when inflation
stood at 8.6%). Hence, we can observe the same decline in instantaneous treatment effects in the
CES as was visible in the Nielsen survey of U.S. households, albeit over a shorter time sample.
Treatment effects after 3 months are consistently estimated to be close to zero throughout the
sample. Again, the results are broadly similar across information treatments.

One clear feature of the above experiments implemented in the CES is that by the time they
began, inflation was already relatively high and in the news, so treatment effects were small to start
with and it is difficult to identify time variation in these effects within this limited time frame. We
consider two independent strategies to address this limitation. First, we include an additional
comparable RCT that was run in the Netherlands before the inflation run-up on the Dutch National
Bank’s household survey (DHS). Second, we provide cross-sectional evidence from the CES that
confirms that households that report paying a lot of attention to inflation respond significantly less
to information treatments than those that report paying little attention.

The Dutch RCT, which was run in 2018Q2, used a nearly indistinguishable survey design
from the CES in which the treated households were informed about the most recent inflation rate
in the Netherlands (see Coibion et al. 2023 for a detailed description). The survey was smaller in
size (about 2,000 respondents), but it was large enough to obtain reasonably precise estimates. A
follow-up wave was implemented three months later.>*> We include results in Panels A and B of
Figure 6. In each case, we find much larger treatment effects in 2018 than those we obtain later
in the CES sample, providing more evidence that as the inflation rate increased in the euro area,

information treatment effects became smaller as households became more attentive to inflation.

23 Dutch respondents in the CES have inflation expectations comparable to households in other euro area countries (ECB
2021). Dutch inflation is highly correlated with inflation in the euro area (p=0.96) for the 2015-2023 period.
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Another approach that we can use to verify the role played by attention is to exploit the fact
that, in a recent ad hoc module of the CES, some households explicitly report being more informed
about inflation than others. Specifically, we split respondents in the 2022Q4 wave into two groups:
low-attention and high-attention (53% and 47% of the sample, respectively) based on self-reported
attention to inflation. We then estimate the instantaneous treatment effect for each group separately
and report the results in Table 2 (columns 1 and 2). For the high-attention group, we find no treatment
effect, either in terms of the slope or the intercept. For the low-attention group on the other hand, we
identify a negative scaled slope effect and a positive intercept. Hence, there is a clear difference in
how the two groups respond. Those who are attentive place no weight on the provided information,
likely because they already know the prevailing inflation rate, whereas those who are less attentive

to inflation update their beliefs when presented with information about recent inflation.

33 U.S. Firms

Finding comparable evidence for firms is inherently challenging: there are far fewer large
representative surveys of firms in which RCTs are allowed or feasible compared to household
surveys. One exception is the Federal Reserve Bank of Atlanta’s Business Inflation Expectations
survey (BIE). The BIE is a monthly survey of firms in the 6™ District of the Federal Reserve System.
The industry composition of the survey roughly conforms to the industrial mix of the United States,
so that it can be viewed as broadly representative. Each month, around 300 firms are surveyed.
More details about this survey are provided in Bryan, Meyer and Parker (2015) and Meyer and
Sheng (2022). Note that this sample is much smaller than household surveys, making it more
difficult to implement RCTs with strong statistical power.

The Atlanta Fed implemented two such RCTs in January of 2019 and February of 2023. In
each case, a randomly selected subset of firms was provided with the most recent inflation rate.
Prior to the information provision, all firms had been asked about what they thought the inflation
rate had been over the previous twelve months, which we use as the prior. After the treatment, all
firms were asked to provide a point forecast for aggregate inflation in the U.S. over the next 12
months, which serves as our measure of the posterior. Thus, we can estimate the instantaneous
effect of information treatments on firms’ expectations in a manner directly analogous to that used
for households. We report estimates of the scaled treatment coefticient in Figure 7. In 2019, when

inflation was low, the estimated weight on priors for treated firms was 73 percent smaller than for
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the control group. By 2023, this coefficient had declined to 52 percent smaller than the control
group, suggesting that firms’ attention to inflation also increased as the inflation rate rose. However,
given the small samples, we cannot reject the null of equality across the two survey waves, although
we can strongly reject this null when we use the unscaled treatment effects (Appendix Figure A.4).
At the same time, Meyer and Sheng (2022) document a pattern of increased attention to inflation in
a high inflation environment among firms in this district. Specifically, the share of firms indicating
that inflation has at least a “moderate” influence of business decision-making rose from below half
of the panel in January 2015 (when overall inflation was low) to nearly 2/3 of the panel in May
2022 (when the 12-month growth rate in the CPI was 8.6 percent). Schwartzman and Waddell
(2024) find that more U.S. firms in the 5" District of the Federal Reserve System reported that they
were paying close attention to inflation as the U.S. inflation rate rose in 2022. Hence, despite the
statistical ambiguity in the regression estimates, the combined body of evidence is consistent with

the notion that inattention to inflation among U.S. firms has likely declined as inflation has risen.

v Additional Evidence from Other Settings

RCTs in the U.S. Nielsen survey, euro-area CES, and Atlanta Fed’s BIE survey all allow us to
compare information treatments before and during the recent global rise in inflation. In this
Section, we consider other settings that also speak to this question, albeit each from a different
angle. First, we consider the case of Uruguay, which experienced relatively high inflation in the
past two decades. Second, we consider firms in New Zealand over a six-year period during which
inflation was consistently low. Third, we consider the case of firms in Italy, some of which were
repeatedly provided with information about inflation since 2012 while others were not, thereby

providing another laboratory to study how information treatments may have changed over time.

4.1 Uruguay: Information treatments in a consistently high-inflation environment

We plot inflation dynamics in Uruguay since 2017 in Figure 8: inflation averaged around 8% over
this period and never fell below 5%. This inflation level has been sustained since the mid-2000s
and is somewhat above the central bank’s inflation target range.>* Interestingly, only a mild increase

in inflation occurred between 2021 and 2023 in Uruguay, and it has proven to be transitory. Thus,

24 This target range has fluctuated over time, both in terms of level and spread of the range. The target range was
3%-7% between July 2013 and September 2022, and it has been 3%-6% since September 2022.
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unlike the U.S. or the euro area, Uruguay can be characterized as having experienced consistently
high inflation (by the standards of advanced economies) over the entire time period.

The National Institute of Statistics (INE) of Uruguay, on behalf of the Central Bank of
Uruguay, runs a monthly representative survey of firms. The survey is relatively large, with
around 550 firms participating per month, and quantitative in nature. It includes questions on
inflation and cost expectations of firms, among other topics. The survey is described in more
detail in Frache and Lluberas (2019) and Borraz and Mello (2020). We focus on four RCTs which
were implemented in 2018M3, 2018M6, 2019M6 and 2023M3. In each survey wave, a randomly
selected subset of firms was provided with the inflation rate over the last 12 months or the central
bank’s inflation target, while other firms were not provided with information. Prior to the
information treatments, all firms were asked to provide a point forecast for what they expected
inflation to be over the next 12 months. Because no comparable question was asked immediately
after the treatments, we use firms’ inflation expectations in the next month as the posterior.

We estimate the same empirical specification as before to measure the treatment effects of
information about inflation on firms’ inflation forecasts and report results in Figure 8. The scaled
treatment effects on short-term inflation expectations are consistently close to zero in magnitude and
never statistically different from zero or each other. In other words, we find no change in inattention
of firms in Uruguay. Throughout the sample, they appear to be well-informed about inflation and
monetary policy so that, when provided with information about either inflation or the central bank’s
target range, they do not change their forecasts. This “zero effect” of inflation information treatments
is precisely what one would expect from agents living in a high-inflation environment: they are

constantly attentive to and already informed about inflation and monetary policy.

4.2 New Zealand: Information treatments in a consistently low-inflation environment

The case of Uruguay is unique in that it covers multiple RCTs over the course of many years
in a high-inflation environment. What happens over the course of many years in a low-inflation
environment? We consider this case using repeated RCTs of firms that were implemented in
New Zealand from 2014 to 2019, a time period during which inflation never exceeded 2.5%
and occurred after more than two decades of low and stable inflation since New Zealand
adopted its 2% inflation target in 1990. Unlike previously considered settings, the RCTs in New

Zealand were not implemented in the context of a regular ongoing survey. Instead, they were
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implemented individually at different times. Prior inflation expectations were measured using a
distributional question while posteriors were measured using a point forecast for inflation over
the next 12 months. The first two RCTs in New Zealand (2014Q4 and 2016Q2) were part of a
sequence of surveys described in Coibion, Gorodnichenko and Kumar (2018). In 2014Q4, around
1,600 firms were randomly assigned to either a control group or one of three treatment groups.
The latter received either the most recent inflation rate, the central bank’s inflation target, or
professional forecasts of one-year ahead inflation. Applying our same empirical specification, we
find (Figure 9) that the treatments had large effects on inflation expectations, with scaled slope
treatment effects ranging from -0.55 (central bank target) to -0.95 (professional forecasts).

In 2016Q2, another information treatment was applied to a new representative group of
firms in New Zealand. In this case, around 2,000 firms were either randomly assigned to the
control group or were provided with the central bank’s inflation target. Using the same
empirical specification, we estimate a slightly smaller scaled treatment effect of around -0.35,
perhaps reflecting the fact that inflation was close to the deflationary zone and may therefore
have been receiving more news coverage than in 2014. Another RCT was applied to a new
representative group of firms in 2018Q1, as described in more detail in Coibion et al. (2021b).
In this case, 251 firms received only the past inflation treatment or were in the control group.
As shown in Figure 9, the estimated scaled treatment effect in this case is -0.63, effectively
indistinguishable from that estimated with the same treatment in 2014Q1, when inflation had
been running at a similar level as in 2018. Finally, yet another RCT was implemented on a new
group of around 1,000 New Zealand firms in 2019Q3. In this case, the information treatment
consisted of a combination of the previous period’s inflation rate and central bank inflation
target. Hence, the treatment is not directly comparable to the previous ones. Nonetheless, the
estimated scaled treatment effect is still similar as in prior waves, at -0.9. In short, over a 6-year
time interval during which inflation was relatively low and stable, we find across four RCTs of
firms in New Zealand what looks like systematically high levels of inattention. This evidence

is consistent with New Zealand’s long history of inflation targeting and low inflation.

43 Italy: The effect of repeatedly treating firms in low- and high-inflation environments
Finally, we consider another unique setting, that of Italy, where an RCT has been repeatedly

applied for over a decade. In the Italian SIGE, some firms have been repeatedly provided with
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information about the most recent inflation rate, whereas others have not, over the course of years,
thereby providing a unique setting to study how the level of inflation shapes inattention.

The SIGE is a quarterly survey of firms in which approximately 1,000 firms per quarter
participate. As described in Grasso and Ropele (2018) and Coibion, Gorodnichenko and Ropele
(2020), at infrequent intervals firms are randomly assigned to one of two groups. One group is asked
what they expect inflation to be over the next 12 months. The other group is also asked about their
inflation expectations, but after being told what the most recent inflation rate was both in Italy and
in the euro area. Firms remain in their group until the next reshuffling, meaning that in between re-
assignments, some firms are repeatedly provided with information while others are not. Before
2012Q3, all firms were provided with the same information about recent inflation. In 2012Q3,
approximately one-third of firms were randomly assigned to the group that is not provided with any
information. In 2012Q4, the firms were randomly reshuffled across the two groups and remained in
them until 2017Q2, when another reshuftling took place. A final reshuftling took place in 2019Q4.

The survey only asks for inflation expectations after information is provided to firms (for
those in the treatment group). As a result, we use firms’ inflation expectations from the previous
wave as the measure of their prior belief. Applying the same cross-sectional regression as before
yields a time series of estimated 7, /3. We plot this time series in Figure 10 (time series for unscaled
slopes are in Appendix Figure A.7). While there is significant variation over time in the estimates,
we note a clear increase in 7,/f; from -0.45 for 2012Q3-2021Q3 when inflation is below 1% on
average to -0.04 for 2021Q4-2023Q1 when inflation exceeds 5%. Hence, these results again suggest

that firms became more attentive to inflation as the inflation rate increased in recent years.

\% Pooled Evidence

Having considered these country-specific results in isolation, we now bring them together to
assess the extent to which the level of inflation is related to how (in)attentive households and
firms are to inflation. We do so by combining the results from all the RCTs of U.S. households
in Nielsen, euro-area households in the CES, U.S. firms in the BIE, Uruguayan firms, and New
Zealand firms. For the Italian SIGE, we pool estimates from 2012-2021 into one low-inflation
estimate and estimates from 2022 into one high-inflation estimate. We then plot in Figure 11

the level of CPI inflation existing at the time of each RCT against the scaled slope treatment

effect (7/B) of each RCT. There is a striking positive correlation (p = 0.6) between the two
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(Appendix Figure A.8 plots the equivalent results for unscaled treatment effects and finds an
even stronger positive correlation), consistent with inattention to inflation being more pervasive
in low-inflation than high-inflation environments.

Despite the different treatment types, the different questions used to measure priors and
posteriors, and the fact that we consider both households and firms, all of which should tend to
attenuate any underlying correlation, we still uncover a clear positive link between inflation and
inattention. When we pool estimates across countries, times, and treatments and regress 7/ on
the rate of inflation at the RCT time, we find that a one percentage point increase in the rate of
inflation is associated with a 0.064 (s.e. 0.013) increase in 7/f. This fitted relationship suggests
that households and firms pay very close attention when annual inflation reaches 11.5 percent (i.e.,

#/B ~ 0)while the degree of inattention is high (7 /8 ~ —0.6) when inflation is close to 2 percent.

VI Conclusion

When inflation is higher, households and firms pay more attention to publicly available news
about inflation. Our comprehensive set of results documenting this pattern through repeated RCTs
in different countries complement other recent evidence such as Cavallo, Cruces and Perez-
Truglia (2017), Bracha and Tang (forthcoming), Korenok, Munro and Chen (2023) and Pfauti
(2023). Jointly, this line of research presents clear evidence, using a variety of empirical
strategies, that attention to inflation is endogenous and varies with the level of inflation.

These results have broad implications. For example, when agents are more inattentive, the
Phillips curve is flatter (Afrouzi and Yang 2023), forward guidance is less powerful (Kiley 2021)
and the ZLB constrains monetary policy more (Pfauti 2023). Each of these mechanisms is central
to monetary policy decisions. Incorporating the systematic endogeneity of inattention should
therefore be an important objective for future work in optimal policy design.

Endogeneity of inattention also matters for policy communication and management of
inflation expectations. When agents are inattentive, the main challenge for policymakers who
seek to affect expectations is #ow to reach households and firms. Conditional on reaching them,
communication is very powerful, as found in Coibion, Gorodnichenko and Weber (2022), and
can enhance central bank credibility (Ehrmann, Georgarakos and Kenny 2022). In contrast,
when agents are attentive, reaching them is less of a challenge. Instead, the difficulty becomes

that they are less responsive to policy communications since they are already better informed.

30



What information is relayed to them therefore becomes the main challenge (Candia, Coibion
and Gorodnichenko 2020; D’Acunto et al, 2020). Policymakers interested in steering
expectations to better stabilize economic outcomes should consider how the economic
environment shapes the way to successfully communicate with the public.

Methodologically, our results also provide support for the use of RCTs along with a call
for caution. We find that similar RCTs implemented in different countries at different times but
experiencing similar economic environments yield results that are broadly similar. This
indicates that RCTs can be viewed as having some external validity. But the “similar economic
environment” is an important caveat. As emphasized in the Lucas (1976) critique, a changing
environment will lead to changing behavior on the part of economic agents. Our results provide
yet more evidence for Lucas’ insight, in this case by showing that the level of inflation affects

how inattentive households and firms are to macroeconomic conditions.
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Table 1: Overview of RCTs

Country Agents RCT dates Priors Posteriors Information treatments
United States Households 2018Q2, One-year ahead One-year ahead Inflation over the last year
(~20K per wave) 2019Q1, inflation expectations inflation expectations FOMC inflation target
;83;85:83: from distribution from point forecast FOMC inflation forecast
2023Q2-Q4
Euro areca Households 202104, One-year ahead One-year ahead Inflation over the last year
(~10K per wave) 2022Q2-Q2, inflation expectations inflation expectations ECB inflation target and past inflation
20220Q4 from distribution from point forecast . . .
Professional inflation forecast
Netherlands Households 2018Q2 One-year ahead One-year ahead Inflation over the last year
(~2,000) inflation expectations inflation expectations
from distribution from point forecast
United States Firms 201901, Perceived inflation One-year ahead Inflation over the last year
(~300 per wave) 2023Q1 over last year inflation expectations
from point forecast
Uruguay Firms 2018Q1-Q2,  One-year ahead One-year ahead Inflation over the last year
(~500 per wave) 2019Q2 inflation expectations inflation expectations Central Bank of Uruguay inflation target
2023Q1 from point forecast from next wave
range
New Zealand Firms 201404, One-year ahead One-year ahead Inflation over the last year
(~2,000 per 2016Q2, inflation expectations inflation expectations Reserve Bank of NZ inflation target
wave) 2018Q1, from distribution from point forecast Professional f ¢ of inflation
201903 i) es§10ga orecast o 0
Combination
Italy Firms 2012Q3- Inflation expectations One-year ahead Inflation over the last year in Italy and
(~1000 per wave) 22Q4 In previous quarter inflation expectations euro area

from point forecast

from point forecast

Notes: The table summarizes surveys, measurement of expectations, and information treatments used in our analysis.
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Table 2: Treatment Effects for Attentive and Inattentive Households

Treatment effects Implied moments (prior)
Slope (scaled) Intercept mean uncertainty
(1) (2) 3) (4)
High attention to inflation 0.01 -0.07 7.15 2.85
(0.08) (0.41) [4.54] [2.99]
Low attention to inflation -0.19%** [.2]%** 8.32 2.79
(0.06) (0.05) [4.61] [2.99]
p-value equality 0.020 0.003 <0.001 0.486

Notes: Columns (1) and (2) report estimates for y/f (scaled slope) and § (intercept) in specification (2) for ECB’s
CES based on whether respondents pay high or low attention to inflation. Columns (3) and (4) report moments of
inflation expectations (prior to RCT) for the two groups. The low-attention group includes respondents who report
that they pay “almost no attention”, “a little attention” or “some attention” to inflation. The high-attention group
includes respondents who report that they pay “much attention” or “a great deal of attention” to inflation. The estimates
in columns (1) and (2) are based on the Huber (1964) robust regressions. Robust standard errors are reported in
parentheses. *** ** * indicate statistical significance at 1, 5, and 10 percent levels. Standard deviations for each

moment for the two groups are reported in square parentheses in columns (3) and (4).
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Figure 1: Actual Inflation and Perceived Inflation by Households
Panel A: U.S. Households
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Notes: The figure shows time series of actual inflation and average perceived inflation in the US
(Panel A) and the euro area (Panel B).
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Figure 2: Attention to Inflation by Euro Area Households

Panel A: Level of Attention to Inflation Panel B: Change in Attention to Inflation
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elicited via questions asking respondents to assign probabilities to various possible ranges (bins) of future inflation.
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Figure 3: Priors and Posteriors of U.S. Households, 2018Q2
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Notes: The figure plots binscatters of priors (x-axis) versus the posteriors (y-axis) of households in the control and treated groups in the
Nielsen survey in 2018Q2.
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Figure 4: The Changing Effects of Information Treatments on U.S. Households

Panel A: Instantaneous Treatment Effects
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Panel B: Treatment Effects after 3 Months
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Notes: Each panel shows the time series of actual inflation and average expected inflation as well as the scaled slopes (y/f in
specification (1) for Panel A and y/f in specification (1) with posterior measured 3 months later for Panel B) for various treatments
across RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard errors.
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Figure 5. Examining the Channels
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Notes: Panel A plots the time series of uncertainty (standard deviation implied by subjective probability distributions) in households’ inflation expectations in the Survey of Consumer Expectations
(SCE; run by the Federal Reserve Bank of New York) and in the Nielsen Homescan Panel. Panel B plots the time series of the share of U.S. population having trust in the leader of a government
institution; the data are from Gallup surveys. Panel C plots the estimated persistence of inflation (the estimated slope in the regression of one-year-ahead inflation forecast on perceived inflation over
the previous 12 months) in the Nielsen Homescan Panel vs. the actual rate of inflation. Panel D plots the time series of search intensity (Google Trends) for “inflation” and “inflation forecasts”. Each
search intensity is normalized so that the maximum value in the reported sample is equal to 100.
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Figure 6: The Changing Effects of Information Treatments on Euro Area Households
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Notes: Each panel shows the time series of actual inflation and average expected inflation as well as the scaled slopes (y/f in
specification (1) for Panel A and y/f in specification (1) with posteriors measured three months later for Panel B) for various treatments
across RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard errors.
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Figure 7: The Changing Effects of Information Treatments on U.S. Firms
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Notes: The figure shows the time series of actual inflation as well as the scaled slopes (y/f in specification (1)) for various treatments
across RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard errors. The figure also reports
average expectation and perceived inflation at the time when RCTs were conducted.

Figure 8: Time Variation in Treatment Effects on Firms in Uruguay
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Notes: the figure shows the time series of actual inflation and average expected inflation as well as the scaled slopes (y/f in specification
(1)) for various treatments across RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard
errors.
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(Expected) Inflation, % per year

Figure 9: Time Variation in Treatment Effects on Firms in New Zealand
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Notes: The figure shows the time series of actual inflation as well as the scaled slopes (y/f in specification (1)) for various treatments
across RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard errors.
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Figure 10: Time Variation in Treatment Effects on Firms in Italy
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Notes: The figure shows the time series of actual inflation as well as the scaled slopes (y/f in specification (1)) for various treatments
across RCTs. The shaded area shows the 90% confidence intervals based on heteroskedasticity robust standard errors. The dashed
vertical lines show times when firms were randomly reshuffled into treatment and control groups.
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Figure 11: Pooled Treatment Effects across Countries and Time
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APPENDIX A. ADDITIONAL TABLES AND FIGURES

Appendix Figure A.1: Not controlling for slope of control group for U.S. households
Panel A: Instantaneous Treatment Effects
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Panel B: Treatment Effects after 3 Months
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Notes: Each panel shows the time series of actual inflation and average expected inflation as well as the slopes (¥ in specification
(1) for Panel A and y in specification (1) with posteriors measured three months later for Panel B) for various treatments across
RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard errors.



Appendix Figure A.2: Panel Conditioning

Panel A: Subsample of households not participating in previous wave
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Notes: Each panel shows the time series of actual inflation and average expected inflation as well as the scaled slopes
(y/pB in specification (1) for Panel A and y/f in specification (1) with posteriors measured 3 months later for Panel
B) for various treatments across RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity
robust standard errors.



Appendix Figure A.3: Not controlling for slope of control group for euro area households

Panel A: Instantaneous Treatment Effect
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Notes: Each panel shows the time series of actual inflation and average expected inflation as well as the slopes (¥ in
specification (1) for Panel A and y in specification (1) with posteriors measured 3 months later for Panel B) for various
treatments across RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard
erTors.



Appendix Figure A.4: Not controlling for slope of control group for U.S. firms
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Notes: The figure shows the time series of actual inflation as well as the slopes (y in specification (1)) for various treatments across
RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard errors. The figure also reports
average expectation and perceived inflation at the time when RCTs were conducted.

Appendix Figure A.S: Not controlling for slope of control group for Uruguayan firms

127 Inflation (CP, yoy), left axis 4

— — — Expected inflation, left axis
o Slope: treat with past inflation
A Slope: treat with CB target -.3
Slope: treat with CB forecast

(Expected) Inflation, % per year

Treatment effect, slope relative to control

4 -3
T T T T T T T
2017 2018 2019 2020 2021 2022 2023

Notes: The figure shows the time series of actual inflation and average expected inflation as well as the slopes (y in specification (1))
for various treatments across RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard errors.



Appendix Figure A.6: Not controlling for slope of control group for New Zealand firms
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Notes: The figure shows the time series of actual inflation as well as the slopes (y in specification (1)) for various treatments across
RCTs. The whiskers show the 90% confidence intervals based on heteroskedasticity robust standard errors.

Appendix Figure A.7: Not controlling for slope of control group for Italian firms
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Notes: The figure shows the time series of actual inflation as well as the slopes (y in specification (1)) for various treatments across RCTs. The
shaded area shows the 90% confidence intervals based on heteroskedasticity robust standard errors. The dashed vertical lines show times when
firms were randomly reshuffled into treatment and control groups.



Appendix Figure A.8: Pooling across countries, not controlling for slope of control group
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Notes: The figure plots the estimated slopes (y in specifications (1)) vs. the annual rate of inflation at the time of the corresponding
survey. The format of labels is “survey/country: year-quarter”. Surveys/countries are coded as follows: NZ is for New Zealand, CES is
for the European Central Bank’s Consumer Expectations Survey (except from CES:18Q2 that is from Dutch National Bank’s household survey),
SIGE is for the Bank of Italy’s Survey on Inflation and Growth Expectations, UY is for Uruguay, Nielsen is for the Nielsen Homescan
Panel, BIE is the Atlanta Fed’s Business Inflation Expectations survey. Inflation is for the year-quarter when the corresponding
survey/RCT was conducted. Data for SIGE are pooled into two “periods”: 2012Q3-2021Q3 and 2021Q4-2023Q1. If the sample is
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Appendix Figure A.9: Information treatments
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Panel C. Atlanta Fed’s Business Inflation Expectations (BIE) Survey
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Panel D. Uruguay’s Survey of Firms’ Expectations
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Panel E. New Zealand’s Surveys of Firms
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Notes: The figures report statistics that were reported in information treatments.
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Appendix Figure A.10: Perceived persistence of inflation
Panel A. Survey of Professional Forecasters
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Notes: Following Goldstein and Gorodnichenko (2022), we run the following regression survey wave by survey wave: Fj,my,p = bop +
pn X Fiytpyp_q + error where i, t, h index forecasters, time (quarters), and forecast horizons, F; ;1. p, is the forecast prepared by forecaster i at time
t for period t + h. Coefficient b, ;, measures the perceived persistence. For professional forecasters we use h = 4 (i.e., 4-quarter ahead forecast). For
households in the Michigan Survey of Consumers, F; ., is their 5-year-ahead inflation forecast while F; ;w4 is their 1-ayear-ahead inflation

forecast.
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Appendix Table A.1: Question Formulations in Each Survey

Prior question

Posterior question

We would like to ask you about the rate of inflation/deflation
(Note: inflation is the percentage rise in overall prices in the
economy, most commonly measured by the CPI and deflation
corresponds to when prices are falling).

In this question, you will be asked about the prob. (percent
chance) of something happening. The percent chance must be
a number between 0 and 100 and the sum of your answers
must add up to 100. What do you think is the percent chance
that, over the next 12 months the rate of inflation will be

(-00,-12][-12,-8][-8,-4][-4,-2][-2,0][0,2][2,4][4,8][8,12]
[12, )

What do you think the inflation rate (as measured by the
Consumer Price Index) is going to change over the next 12
months? Please provide an answer as a percentage change
from current prices %

If you think there was inflation, please enter a positive
number. If you think there was deflation, please enter a
negative number. If you think there was neither inflation
nor deflation, please enter zero.

Country RCT dates
United States 2018Q2,
(Nielsen 2019Q1,
panel) 2021Q2-Q4,
2022Q3-Q4,
2023Q2-Q4
Euro area 202104,
2022Q1-Q2,
2022Q4

How much higher/ lower do you think prices in general will
be 12 months from now in the country you currently live
in? Please give your best guess of the change in percentage
terms. You can provide a number up to one decimal place.
Show 2 boxes with a decimal point in between.

For prob-bins version question see below [*]

[2021Q4, 2022Q1-Q2] How much higher or lower do
you think prices in general will be 12 months from now
in the country you currently live in? Please give your
best guess of the change in percentage terms. Use the
slider below to indicate the increase or decrease in
prices in percentage terms. If you think prices will
decrease rather than increase you can provide a negative
percentage

[2022Q4] Now we would like you to think about what
inflation or deflation (the opposite of inflation) in the
country you currently live in is likely to be in 12 months
from now. We realise that this question may take a little
more effort.

Below you see 10 possible ways in which inflation or
deflation could happen. Please distribute 100 points
among them, to indicate how likely you think it is that
inflation or deflation will be in that range. The sum of the
points you allocate should total 100.

The rate of inflation/ deflation will be: (-00,-12][-12,-8][-
89'4]['49'2][_230][032][294][4:8][8912] [129 OO)

(continued on the next page)

12



Country RCT dates Prior question Posterior question
Netherlands 2018Q2 How much do you think consumer prices in general will How much do you think consumer prices in general will
change in the next twelve months in the Netherlands? Please change in the next twelve months in the Netherlands?
allocate 100 points indicating how likely the listed changes Please provide an answer in percentage terms. If you think
are. (Note that the probabilities in the column should sum to consumer prices on average will decrease, please fill a
100) negative percentage (inset aa minus sign for the number).
If you think consumer prices on average will increase,
(-0,-8][-8,-4][-4,-2][-2,-1][-1,1][1,2][2,4][4,8][8, ) please fill in a positive percentage. If you think consumer
prices on average will not change, please fill in 0 (zero).
United States 2019Ql, What do you think has been the aggregate rate of inflation in What do you think will be the aggregate inflation rate as
(Atlanta Fed) 2023Q1 the US over the last 12 months, as measured by the consumer measured by the consumer price index, over the next 12
price index? Please prove an answer in percentage terms. months? Please provide an answer in percentage terms.
Uruguay 2018Q1-Q2, What do you think the variation in CPI will be in 12 months What do you think the variation in CPI will be in 12 months
2019Q2 from now? from now? (subsequent wave)
2023Q1
New Zealand  2014Q4, Please assign probabilities (from 0-100) to the following By how much do you think overall prices in the economy
2016Q2, ranges of overall price changes in the economy over the next will change during the next twelve months? Please provide
2018Q1, 12 months for New Zealand: (Note that the probabilities in a precise quantitative answer in percentage terms (2014Q4,
2019Q3 the column should sum to 100). Percentage price changes in 2018Q1, 2019Q3)
12 months.
During the next twelve months, by how much do you think
(-0,0][0,2][2,4][4,6][6,8][8,10][10,15][15,25][25,0) prices will change overall in the economy? Please provide
(2014Q4) an answer in percentage terms.(2016Q?2)
(-0,-25][-25,-15][-15,-10][-10,-8][-8,-6][-6,-41[-4,-2][-
2,0][0,2][2,4][4,6][6,8][8,10][10,15][15,25][25, =)
(2016Q2, 2018Q1, 2019Q3)
Italy 2012Q3-22Q4  What do you think consumer price inflation in Italy measured What do you think consumer price inflation in Italy measured

by the 12-months change in the harmonized index of by the 12-months change in the harmonized index of consumer
consumer prices will be? prices will be? (subsequent wave)

Notes: The table reports actual questions used in each survey.
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Appendix Table A.2: Treatment Effects by Age

past inflation

inflation target

inflation forecast

Age<=40 Age>40 Age<=40 Age>40 Age<=40 Age>40
€)) 2 3) “) 6) (6)
Slope for the control group by wave
Wave 1 0.701%** 0.865%** 0.701%** 0.865%** 0.701*** 0.865%**
(0.065) (0.023) (0.065) (0.023) (0.065) (0.023)
Wave 4 -0.125 -0.348%**
(0.079) (0.031)
Wave 12 0.083 -0.127%** 0.083 -0.127%%* 0.083 -0.127%**
(0.070) (0.026) (0.070) (0.026) (0.070) (0.026)
Wave 13 -0.018 -0.243%** -0.018 -0.243%%* -0.018 -0.243%**
(0.079) (0.034) (0.079) (0.034) (0.079) (0.034)
Wave 14 -0.141 -0.200%**
(0.119) (0.041)
Wave 16 -0.132% -0.288*** -0.132% -0.288*** -0.132* -0.288***
(0.073) (0.029) (0.073) (0.029) (0.073) (0.029)
Wave 17 -0.198*** -0.376%** -0.198*** -0.376%** -0.198*** -0.376%**
(0.076) (0.032) (0.076) (0.032) (0.076) (0.032)
Wave 18 0.245%** -0.358%** -0.245%** -0.358%** -0.245%** -0.358%***
(0.079) (0.033) (0.079) (0.033) (0.079) (0.033)
Wave 19 -0.065 -0.253%** -0.065 -0.253%** -0.065 -0.253%**
(0.076) (0.031) (0.076) (0.031) (0.076) (0.031)
Wave 20 -0.213%** -0.402%**
(0.076) (0.031)
Treatment effect: intercept
Wave 1 0.721* 1.131%** 0.568 0.901*** 0.645 0.844%**
(0.430) (0.136) (0.425) (0.138) (0.405) (0.135)
Wave 4 0.887*** 0.716***
0.167) (0.102)
Wave 12 0.557* 0.374%* 0.469 0.533%** 0.916%** 0.223
(0.325) (0.159) (0.290) (0.156) (0.333) (0.160)
Wave 13 2.339%** 1.776%** 1.059%** -0.318* 0.511%* -0.275
(0.317) (0.199) (0.252) (0.187) (0.290) (0.196)
Wave 14 1.604%** 1.344%**
(0.580) (0.256)
Wave 16 2.015%* 2.141%** -0.051 -0.120 0.814 -0.181
(0.792) (0.353) (0.453) (0.283) (0.618) (0.296)
Wave 17 1.413%** 1.632%** -0.288 -0.187
(0.432) (0.251) (0.383) (0.235)
Wave 18 0.559 1.115%** -0.313 -0.030
(0.390) (0.211) (0.353) (0.201)
Wave 19 0.379 0.610%** 0.109 0.121 0.549%* 0.434%**
(0.342) (0.165) (0.328) (0.166) (0.320) (0.164)
Wave 20 1.002%** 0.491%**
(0.274) (0.125)
Treatment effect: slope
Wave 1 -0.555%** -0.684%** -0.469%** -0.608%** -0.603*** -0.633%**
(0.090) (0.029) (0.097) (0.031) (0.092) (0.031)
Wave 4 -0.550%** -0.482%**
(0.048) (0.026)
Wave 12 -0.455%** -0.364%** -0.291%** -0.409%** -0.492% %% -0.386%**
(0.067) (0.036) (0.071) (0.034) (0.071) (0.035)
Wave 13 -0.274%** -0.241%** -0.452%** -0.278%** -0.449%** -0.351%**
(0.059) (0.033) (0.056) (0.034) (0.059) (0.037)
Wave 14 -0.114 -0.187%**
(0.104) (0.039)
Wave 16 -0.149* -0.177%** -0.133%* -0.153%** -0.408%** -0.286%**
(0.089) (0.041) (0.066) (0.038) (0.076) (0.041)
Wave 17 -0.185%** -0.157%** -0.313%** -0.222%**
(0.057) (0.032) (0.055) (0.033)
Wave 18 -0.037 -0.155%** -0.300%** -0.307%**
(0.055) (0.031) (0.055) (0.031)
Wave 19 -0.352%%%* -0.323%%%* -0.333%%* -0.304%** -0.501%** -0.399%**
(0.053) (0.028) (0.055) (0.029) (0.051) (0.028)
Wave 20 -0.365%** -0.321%%%*
(0.043) (0.023)
Observations 5,818 27,610 4,035 20,558 3,147 16,767
R-squared 0.444 0.458 0.384 0.420 0.352 0.428

Notes: The table reports estimates of specification (1) for subsamples of the Nielsen Homescan Panel. Robust standard errors are reported
in parentheses. *** ** * denote statistical significance at 1, 5, and 10 percent levels.
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Appendix Table A.3: Treatment Effects by Political Affiliation

past inflation

inflation target

inflation forecast

Democrats Republicans Democrats Republicans Democrats Republicans
@ (2) 3) “) () 6)
Slope for the control group by wave
Wave 1 0.824*** 0.812%** 0.824*** 0.812%** 0.824*** 0.812%***
(0.050) (0.056) (0.050) (0.056) (0.050) (0.056)
Wave 4 -0.331%%* -0.307%%*
(0.064) (0.067)
Wave 12 -0.153%%%* -0.084 -0.154%%%* -0.084 -0.154%%*%* -0.084
(0.057) (0.060) (0.057) (0.060) (0.057) (0.060)
Wave 13 -0.313%** -0.201 *** -0.313%** -0.201 *** -0.313%** -0.201%**
(0.071) (0.071) (0.071) (0.071) (0.071) (0.071)
Wave 14 -0.273%%* -0.171**
(0.081) (0.077)
Wave 16 -0.294%** -0.227%%* -0.294%** -0.225%** -0.294%** -0.225%**
(0.064) (0.066) (0.064) (0.066) (0.064) (0.066)
Wave 17 -0.415%** -0.306%** -0.415%** -0.306%** -0.415%** -0.306%**
(0.070) (0.072) (0.070) (0.072) (0.070) (0.072)
Wave 18 -0.366%** -0.097 -0.366%** -0.097 -0.366%** -0.097
(0.124) (0.094) (0.124) (0.094) (0.124) (0.094)
Wave 19 -0.237%%* -0.144%** -0.237%%* -0.144%** -0.237%** -0.144%*
(0.077) (0.068) (0.077) (0.068) (0.077) (0.068)
Wave 20 0.402%** -0.2971%%* 0.402%** -0.2971%%* 0.402%** -0.2971%%*
(0.079) (0.074) (0.079) (0.074) (0.079) (0.074)
Treatment effect: intercept
Wave 1 0.948*** 1.065%*** 0.718** 0.916*** 0.475* 1.011%**
(0.282) (0.262) (0.291) (0.259) (0.281) (0.264)
Wave 4 0.671%** 0.809%**
(0.178) (0.160)
Wave 12 0.335 0.097 0.458%* 0.162 0.268 0.368
(0.254) (0.304) (0.225) (0.262) (0.239) (0.280)
Wave 13 2.003*** 1.255%** -0.378 -0.566* -0.026 -0.969%**
(0.300) (0.349) (0.282) (0.330) (0.292) (0.348)
Wave 14 1.263%** 0.992%*
(0.393) (0.462)
Wave 16 2.551*** 1.801%* 0.008 -0.348 -1.064** -0.292
(0.636) (0.870) (0.455) (0.630) (0.522) (0.582)
Wave 17 1.112%* 1.280%** 0.114 -0.341
(0.476) (0.574) (0.439) (0.549)
Wave 18 1.263%* 1.454%%* -0.249 1.080
(0.688) (0.659) (0.671) (0.688)
Wave 19 0.661* 1.510%*** 0.150 0.674* 1.135%%%* 0.843**
(0.349) (0.330) (0.365) (0.394) (0.350) (0.364)
Wave 20 0.285 0.583**
(0.273) (0.291)
Treatment effect: slope
Wave 1 -0.697%** -0.565%** -0.619%** -0.511%** -0.571%** -0.637%**
(0.059) (0.065) (0.063) (0.072) (0.060) (0.071)
Wave 4 -0.474%%* -0.503%%**
(0.048) (0.045)
Wave 12 -0.327%%* -0.331%%* -0.419%%* -0.361%%* -0.383%** -0.417%%*
(0.070) (0.066) (0.053) (0.053) (0.061) (0.058)
Wave 13 -0.251%** -0.167%** -0.172%* -0.209%** -0.297%** -0.255%**
(0.064) (0.055) (0.067) (0.058) (0.070) (0.067)
Wave 14 -0.159** -0.142%*
(0.076) (0.064)
Wave 16 -0.243%%* -0.152 -0.167** -0.055 -0.166** -0.210%**
(0.098) (0.093) (0.080) (0.072) (0.083) (0.081)
Wave 17 -0.083 -0.119* -0.255%** -0.153**
(0.078) (0.070) (0.072) (0.069)
Wave 18 -0.275%** -0.227%** -0.334%* -0.403%%**
(0.135) (0.109) (0.135) (0.105)
Wave 19 -0.373%%* -0.399%** -0.2827%** -0.345%** -0.533%** -0.419%**
(0.073) (0.054) (0.081) (0.064) (0.070) (0.060)
Wave 20 -0.282%%%* -0.357%%*
(0.067) (0.054)
Observations 6,698 7,374 4,936 5,490 4,305 4,859
R-squared 0.433 0.410 0.379 0.352 0.396 0.327

Notes: The table reports estimates of specification (1) for subsamples of the Nielsen Homescan Panel. Robust standard errors are reported
in parentheses. ***, ** * denote statistical significance at 1, 5, and 10 percent levels.
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Appendix Table A.4: Treatment Effects by Education

past inflation inflation target inflation forecast
Assoc. Degree, College or Assoc. Degree, High College or Assoc. Degree, High College or
High school or less more school or less more school or less more
) @) 3) “) (5) (0)
Slope for the control group by wave
Wave 1 0.880*** 0.808*** 0.880%** 0.808*** 0.880%** 0.808***
(0.029) (0.034) (0.029) (0.034) (0.029) (0.034)
Wave 4 -0.342%%* -0.292%*
(0.038) (0.049)
Wave 12 -0.135%%%* -0.062* -0.135%** -0.062* -0.135%** -0.062*
(0.033) (0.037) (0.033) (0.037) (0.033) (0.037)
Wave 13 -0.186%** -0.225%%%* -0.186%** -0.225%%%* -0.186%** -0.225%%%*
(0.043) (0.045) (0.043) (0.045) (0.043) (0.045)
Wave 14 -0.236%** -0.116%*
(0.054) (0.056)
Wave 16 -0.297%%* -0.243%%%* -0.297%** -0.243%%* -0.297%** -0.243%%*
(0.036) (0.041) (0.036) (0.041) (0.036) (0.041)
Wave 17 -0.371%%* -0.352%%%* -0.371%** -0.352%%%* -0.371%** -0.352%%%*
(0.039) (0.045) (0.039) (0.045) (0.039) (0.045)
Wave 18 -0.380%*** -0.319%** -0.380%*** -0.319%*** -0.380%*** -0.319%***
(0.041) (0.046) (0.041) (0.046) (0.041) (0.046)
Wave 19 -0.317%** -0.175%** -0.317%** -0.175%** -0.317%** -0.175%**
(0.054) (0.051) (0.054) (0.051) (0.054) (0.051)
Wave 20 -0.416%** -0.238*** -0.416%** -0.238*** -0.416%** -0.238***
(0.051) (0.053) (0.051) (0.053) (0.051) (0.053)
Treatment effect: intercept
Wave 1 0.966*** 1.178%** 0.862%** 0.842%** 0.830%** 0.758%**
(0.190) (0.178) (0.193) (0.179) (0.192) (0.174)
Wave 4 0.870%** 0.531***
(0.124) (0.129)
Wave 12 0.290 0.465** 0.399* 0.536%** 0.331 0.375%*
(0.224) (0.192) (0.206) (0.192) (0.248) (0.175)
Wave 13 1.802%** 2.136%** 0.164 -0.075 -0.134 0.013
(0.263) (0.221) (0.234) (0.207) (0.251) (0.216)
Wave 14 1.454%%%* 1.496%**
(0.339) (0.314)
Wave 16 2.404%** 1.665%** 0.153 -0.417 -0.055 0.067
(0.428) (0.500) (0.337) (0.346) (0.387) (0.367)
Wave 17 1.956%** 1.159%** -0.139 -0.301
(0.316) (0.300) (0.286) (0.284)
Wave 18 1.181%** 0.675%** -0.092 -0.134
(0.263) (0.261) (0.248) (0.243)
Wave 19 0.633* 0.503* -0.085 0.550%* 0.458 0.158
(0.330) (0.296) (0.347) (0.296) (0.346) (0.302)
Wave 20 0.413 1.046%**
(0.269) (0.224)
Treatment effect: slope
Wave 1 -0.678*** -0.655%** -0.612%** -0.565%** -0.641%** -0.601%***
(0.037) (0.042) (0.040) (0.046) (0.040) (0.044)
Wave 4 -0.515%** -0.433%%*
(0.028) (0.042)
Wave 12 -0.416%** -0.343%*** -0.424%** -0.327%** -0.432%%* -0.371%%*
(0.044) (0.047) (0.041) (0.049) (0.044) (0.047)
Wave 13 -0.270%*** -0.255%** -0.384%** -0.259%** -0.425%** -0.335%**
(0.039) (0.042) (0.041) (0.041) (0.045) (0.043)
Wave 14 -0.186%*** -0.2171%%*
(0.051) (0.050)
Wave 16 -0.202%** -0.126** -0.193%** -0.094** -0.333%*x* -0.283%***
(0.048) (0.059) (0.047) (0.047) (0.049) (0.054)
Wave 17 -0.208*** -0.103** -0.255%** -0.227%%*
(0.039) (0.041) (0.039) (0.041)
Wave 18 -0.147%%* -0.088** -0.330%** -0.271%%*
(0.037) (0.040) (0.037) (0.040)
Wave 19 -0.341%%* -0.277%%* -0.293%** -0.349%** -0.343%** -0.335%%*
(0.058) (0.058) (0.063) (0.057) (0.064) (0.059)
Wave 20 -0.321%%* -0.402%**
(0.049) (0.048)
Observations 11,886 17,096 9,456 13,542 7,420 10,896
R-squared 0.518 0.386 0.473 0.344 0.481 0.346

Notes: The table reports estimates of specification (1) for subsamples of the Nielsen Homescan Panel. Robust standard errors are reported
in parentheses. ***, ** * denote statistical significance at 1, 5, and 10 percent levels.
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Appendix Table A.5: Treatment Effects by Gender

past inflation

inflation target

inflation forecast

Female Male Female Male Female Male
d) @) 3 ) ) ©)
Slope for the control group by wave
Wave 1 0.856%** 0.825%** 0.856%*** 0.825%** 0.856%** 0.825%**
(0.026) (0.042) (0.026) (0.042) (0.026) (0.042)
Wave 4 -0.332%%* -0.266%**
(0.035) (0.057)
Wave 12 -0.110%** -0.082* -0.110%** -0.082* -0.110%** -0.082*
(0.030) (0.046) (0.030) (0.046) (0.030) (0.046)
Wave 13 -0.197%** -0.201%** -0.197%%* -0.201%** -0.197%** -0.201%%*
(0.039) (0.054) (0.039) (0.054) (0.039) (0.054)
Wave 14 -0.222%** -0.093
(0.048) (0.071)
Wave 16 -0.284%** -0.243%%* -0.284% %% -0.243%%* -0.284%** -0.243%%*
(0.033) (0.050) (0.033) (0.050) (0.033) (0.050)
Wave 17 -0.378%** -0.317%** -0.378%** -0.316%** -0.378%** -0.316%**
(0.036) (0.054) (0.036) (0.055) (0.036) (0.055)
Wave 18 -0.385%** -0.284%** -0.385% %% -0.284%** -0.385%** -0.284%**
(0.038) (0.053) (0.038) (0.053) (0.038) (0.053)
Wave 19 -0.241%** -0.211%** -0.241%** -0.211%** -0.241%** -0.211%**
(0.035) (0.052) (0.035) (0.052) (0.035) (0.052)
Wave 20 -0.403%** -0.326%** -0.403%** -0.326%** -0.403%** -0.326%**
(0.035) (0.053) (0.035) (0.053) (0.035) (0.053)
Treatment effect: intercept
Wave 1 0.990*** 1.172%%* 0.679%*** 1.092%** 0.790%*** 0.772%**
(0.163) (0.224) (0.166) (0.229) (0.164) (0.214)
Wave 4 0.811%** 0.661***
(0.104) (0.161)
Wave 12 0.268 0.552%** 0.514%** 0.581*** 0.245 0.587***
(0.201) (0.217) (0.195) (0.201) (0.199) (0.210)
Wave 13 1.952%%* 1.924%%* 0.203 -0.236 -0.039 -0.129
(0.224) (0.268) (0.206) (0.237) (0.216) (0.269)
Wave 14 1.616%** 1.165%**
(0.298) (0.376)
Wave 16 2.248%** 1.919%*** -0.061 -0.187 -0.086 0.278
(0.396) (0.557) (0.290) (0.424) (0.321) (0.477)
Wave 17 1.904%%** 1.01#** -0.396 0.035
(0.266) (0.375) (0.251) (0.340)
Wave 18 0.819%*** 1.100%*** -0.520%* 0.594**
(0.237) (0.299) (0.220) (0.287)
Wave 19 0.616%** 0.307 0.023 0.242 0.485%* 0.351
(0.919) (0.252) (0.193) (0.244) (0.194) (0.229)
Wave 20 0.576%** 0.603***
(0.148) (0.185)
Treatment effect: slope
Wave 1 -0.685%** -0.616%** -0.599% % -0.554% %% -0.647%** -0.565%**
(0.033) (0.056) (0.035) (0.064) (0.035) (0.057)
Wave 4 -0.495%** -0.502%**
(0.026) (0.046)
Wave 12 -0.396%** -0.344%%* -0.396%** -0.372%%* -0.403%** -0.418%**
(0.039) (0.058) (0.040) (0.053) (0.040) (0.050)
Wave 13 -0.270%** -0.239%** -0.374%%* -0.228%** -0.416%** -0.319%**
(0.036) (0.049) (0.036) (0.050) (0.039) (0.055)
Wave 14 -0.192%** -0.202%*%*
(0.044) (0.063)
Wave 16 -0.167%** -0.185%** -0.167%** -0.115%* -0.338%** -0.284%**
(0.045) (0.065) (0.040) (0.058) (0.044) (0.062)
Wave 17 -0.167%** -0.153%%* -0.244% %% -0.223% %%
(0.033) (0.051) (0.034) (0.050)
Wave 18 -0.112%** -0.138%** -0.277%** -0.358%**
(0.034) (0.046) (0.034) (0.047)
Wave 19 -0.350%** -0.267%** -0.307%** -0.313%** -0.441%** -0.376%**
(0.030) (0.046) (0.031) (0.046) (0.030) (0.044)
Wave 20 -0.330%** -0.328%**
(0.025) (0.037)
Observations 23,903 9,525 17,461 7,132 14,081 5,833
R-squared 0.459 0.471 0412 0.431 0.413 0.441

Notes: The table reports estimates of specification (1) for subsamples of the Nielsen Homescan Panel. Robust standard errors are reported
in parentheses. ***, ** * denote statistical significance at 1, 5, and 10 percent levels.
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APPENDIX B: PROOFS

Proof of Proposition 1. For any information set S;, recall that
V) = max E[u(Co) +u(Ci(m)Is]
0,C1(71)

s.t. Co+M<W

Ci(my) <

1+my

ci=¥—1
1-y

bind under optimal consumption choice. Thus, we can substitute them in the objective to obtain:

V(s = mca(l)x E [u(CO) +u <Vf_l__7flo) |Sl-]

Noting that u(C) =

is strictly increasing in consumption, we know that the constraints will

w—e€o
1+7T1

Let us define ¢, = In (Cy)as log-consumption at period 0, and v(cy, 1) = u(e) + u(

)

as the life time utilty of the household for given values of cyand 4. In particular, consider the
consumption value that maximizes the non-stochastic version of this problem with ; = 0:
cy = arg max u(e®) +u(W —cy) = c; =In (W / 2)
Co

i.e., the household perfectly smoothes her consumption in the absence of any shocks. We can
then, for any pair of (¢, 1), do a quadratic approximation of v(cy, 1) around the non-stochastic
point (¢, 0):
v(¢o, ) — v(Co, 0)

192%v(cg,0)

ov(cg, 0) 0%v(cg, 0)

Co—Cg)+=———5—(co —c3)* + Co — Co
aco 0 0) 2 acsz ( 0 0) acgan_l ( 0 0)7-[1
+ g(m).
av(cg,0) 19%v(cy,0) o
where we have only kept terms of up to second order and g(m;) = ——= -——T

omy L 2 om? 1

. av(cy, .
denotes all such terms that are independent of ¢,. We now note that % = Oby definition of
0

cpand observe that

0v(cy, 0 * : 0

gcoo )_ = eco(u’(eco) —u'(W - eco)) =0
0%v(cy, 0 x ct ; 5

a( P ) = e%(u"(e%)e‘ + e“u" (W — e%))

Co

= —Zl’becéu'(ec‘*’)

0%v(cs, 0 . x ; 0
ﬁ = e (u'(W —e%) +u" (W — e®)(W — e%))

= eou'(e)(1 - y)

Therefore, the household’s utility given (¢, ;) deviates from v(cg, 0), up to second order and in
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consumption equivalent terms, according to:
v(co,m1) — v(cy, 0) N N o
T ~ —P(co — ¢5)? + (1 — ) (co — c5)my + G(my),
e‘ou’(e)

where §(my) = ﬂ It follows that for any information S;, if the household is maximizing
eCOu’(eCO)

this quadratic approximation,

co(S:) = arg max E[=y(co — c5)* + (1 =) (co — co)m1|S:] + E[G(m1)1S:]
., 1-9 _1-9y
= co(Si) — ¢ —Z—E[Pﬂ+u|5i] _WPIE[T[ISL']
V(s 1—p1)2p?
G0 AT )P B, + Blg(m)lsi

ecou’ (e) 4
which also implies that the ex-ante expected consumption equivalent value is given by
l W&>l~wu—wﬂfﬁ

% ecou’ (e%) 4

Eo[E[m|S;1?] + Eo[E[F(m,)]S;]]
=Eo[g(m1)]

In particular, note that since m € S, we have that
V) | wd -y %2
% ecou’ (e%) 4

where the equality under the bracket uses the law of iterated expectation. Therefore, ex-ante

Eo[?] + Eolg ()]

losses from imperfect information is given by:
E‘fwa—WS P —yp?

eou'(e) 4

Eo[E[m]S;]* — m?]

y(A—yp~H)%p?
= 1 Eo |E[E[r]S;]* — m?|Si]
==Var(r|S;)
1 — =122
= — it f )p Var(m|S;)
. _Yp@a-yp~H? . . p>’B .. ..
defining B = ——, > We can write this as — TVar(nlSi), and we note that Bis increasing in

Y on its domain of ¥ € (0, ©), if and only if ¢ > 1:

din(B) 2 _l_ﬂ>o@¢—1>0
& P-1 % @-Dy |

Proof of Proposition 2. Recall from the main text that the posterior belief of an agent i, who is in

the treatment groups; i.e., i € T, with initial information set S; after observing (i.e., being treated
with) S, is given by
COV(Sp, 1% |§1)
Var(Sp|§i)
where ; = E[m,]S;]. Now consider the following two cases:
1. IfS, € S;, then S, — E[S,|S;] = 0 and we have #; = m;.

T = ]E[7T1|Si'5p] =m; + (Sp - [E[Sp|§i])
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2. Alternatively, if S, € S;, then we have
Cov(Sp,n1|§i) = Cov(n + v, pTt + u|§i) = pCov(n,n|§i) = pVar(n|§i)
where the last equality follows from (1) Cov(n, u|§l) = Cov(vp,u|§l-) = ( because u is
only drawn in period 1 and is independent of all information available at period 0, including
m and S;, and (2) Cov(vp, T[|§i) = 0 by the assumption that v,, 1 (n, Si\ {Sp}). Moreover,
we also have that
Var(Sp|§i) = Var(n|§l-) + Var(vp|§i) = Var(n|§i) + 0y,

Thus, when S, € S;, we have

i — M

pVar(n|§i) 5
— S, — E|S,|S;
Var(7T|Sl-) + 054,( P [ p| l])

Now, for any individual i, regardless of whether they are in the treatment group or not, we can
consolidate the above equations as

pVar(n|§ l-)
Var(n|§i) + a7y

where [; is the indicator function that explicitly expresses that this equation holds when i is in

i~ M

(Sp - E[Sp|§i]) X 15p€5i XTI

the treatment group; i.e., { € T, and implicitly defines 7; = m; for the control group. Moreover,
1 SpEs; is the indicator function that is 1 when S, € S; and zero otherwise. Finally, we can

separate out the terms inside the parentheses to get

pVar(n|§i) Var(n|§i)
Var(n|§l-) + dZ, Var(n|§l-) + a2,
But note that ]E[pSp|§i] = ]E[th + pvp|§i] = ]E[pn + u|§i] = ]E[n1|§l-] = ;. Thus, we arrive at
the following expression as presented in the proposition:

pVar£n|§i) Sy X 1s,gs, X I — Var(jr|§l-)
Var(n|S;) + o2, P Var(n|S;) + o2,

which also implies the y/f3 is given by the coefficient on [; X 1; relative to the coefficient on T;

Sp X 1s,es, X I = Is,es, X I X E[pS,|S:]

i =

i =

Is,es, X I; X m;

as:
Var(n|§i)
Var(n|§l-) + 02,

Y/B=-—

Sp&S;

Proof of Proposition 3. Consider the agent’s problem as specified in the main text, and note that
with Gaussian signals, we have the following expression for the information costs, depending on
whether S,,1s a component of S;or not:
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- 1 1 -
Sy €S = I(S;m|Sy) = Eln (Var(m|S,)) — Eln (Var(m|S;))

- 1 1 -
S, €S, =1(S;m) = Eln (Var(m)) — Eln (Var(m|S;))
Thus, as is common in rational inattention problems (see, e.g., Mackowiak, Matéjka, and
Wiederholt 2023), we can write the agent’s problem as directly choosing the conditional variance

Var(7T|§ i), with the constraint that the optimal Var (7T|§ ;) should not exceed the uncertainty of the
agent prior to the acquisition of the new information (commonly referred to as no-forgetting
constraints):
S, ES; = Var(n|§i) < Var(n|S,)
Sy &S = Var(n|§i) < Var(m) = o2
Thus, the agent’s problem is

Var(rt|$;)< Var(r|Sp)

( 1 . 2 )
! o+ %ln (Var(n|Sp)) +3 min {Bp?Var(n|S;) — wln (Var(r|S;))},
min

w 1 o -
l —In(Var(m)) += min  {Bp?Var(n|S;) — wln (Var(r|S)))} J
2 Var(r|S;)<Var ()

We can then easily confirm that (1) if the solution was interior in either of the inner minimization

problems, then Var(n|§i) = B&pz and (2) this would indeed be the optimal solution if both

constraints were slack when Var(7T|§ )= =

B_pz; 1.€.,

- w
Var(m|S;) = B_pz < min {Var(n),Var(n|Sp)} = Var(n|S,)

where the second equality follows from Var(m|S,) < Var(m). Now, since Bipz<

Var(m|S,) holds by assumption of the Proposition, the solution to both inner minimization

problems is indeed interior and we have

- )
Var(n|5i) = B_p2
regardless of whether S, € S; or not, which concludes the proof of Part 1. To see Part 2, note that
under the above posterior variance, the agent’s problem reduces to
) 1 _ S
(qb +—=In (Var(n|Sp)) += min {BpZVar(n|Si) — wln(Var(n|Sl-))},\
. 2 2 Var(rt|$;)<Var(r|Sp)
min ® 1
—In (Var(m)) + = min {szVar(n|Sl-) — wln (Var(n|5i))}
2 Var(r|S;)< Var(r)
1 ) _ w w
= E{w — wln (w / Bp*)} + min {d) + Eln (Var(n|5p)),51n (Var(n))}

so the agent chooses to observe Sy, if and only if
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b+ %m (Var(z|$,)) < %m (Var(m))

< 1l Var(rr)
& ¢p<wX=In m

> >= wl (Sy; )

Proof of Proposition 4. Recall from Equation (4) that the treatment effect is given by

Y Sp‘fsi

B

=] w+ Bp?oy,
ieT 0 Sp € Si

2
where, by Proposition 3, S, € §; if and only if ¢ < I(Sp,n) = %ln (1 + :T”> Thus, the size of

v,p
the treatment effect, in absolute values, is given by

2
[ ¢S%ln<1+%>

2
Ov,p

lv/Bl =

- 1
—_—— else
w + Bp?oi,

Part 1. Suppose we are in the region of the parameter space where ¢ > | (Sp, n) so that |[y/B| =

= — . It follows that in this region:

w+Bp?oy
dly/Bl _  Bpoyy
0(w) (w + sza&p)z

which shows that the size of the treatment effect strictly increases with w. Similarly, we can see
that

>0

oly/Bl W
252 ) 2
0(Bp®0ip)  (w + Bp?ad,)
Which shows that the size of the treatment effect strictly decreases with either of the parameters

<0

2
p, B or ay,.

Part 2. Suppose again that we are in the region of the parameter space where ¢ > I (Sp, n) =

2
ZIn (1 + %) sothat |y/f]| =
2 Oyp

w

————— > 0 is strictly positive. Then, it follows immediately that
w+Bp2oy,

2

if ¢ decreases or :T" increases, so much so that ¢ < [ (Sp, n) begins to hold, the treatment effect
v,p

strictly declines to 0.
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