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Abstract

Which macroeconomic signals shape household expectations? We develop a ra-
tional inattention model in which households optimally allocate limited attention
across announcements, implying larger responses to signals that receive greater atten-
tion. Using daily microdata, we identify announcement-driven revisions and construct
shock series under sophisticated and naive forecasting benchmarks. We demonstrate
that labor market information significantly influences not only households’ subjective
expectations about the economy but also their inflation expectations. Even in periods
when unemployment is declining and inflation is rising, shocks to unemployment lead
to significant adjustments in households’ subjective expectations. Most changes in
inflation expectations are driven by shocks to unemployment rather than inflation.
Finally, during negative supply and demand shocks, unemployment emerges as the
primary driver of household expectations.
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1 Introduction

Household expectations are central to the transmission of macroeconomic policy. They
shape consumption and saving decisions, influence wage bargaining, and determine re-
sponses to monetary and fiscal interventions (D’Acunto & Weber 2024, Coibion et al. 2023,
Mueller et al. 2021). The centrality of expectations to policy effectiveness was articulated
by Lucas Jr (1976), who warned that neglecting expectational effects would lead to sys-
tematically biased policy predictions. Despite the importance of expectations, we know
surprisingly little about what information households actually use when forming these
expectations. Households are exposed to a variety of economic signals, where some are
more salient than others.! This paper investigates a fundamental question: information
from which macroeconomic variables causes households to update their expectations?

We find that households primarily use the unemployment rate as a sufficient statistic for
expectation formation. Households respond more strongly to unemployment announce-
ments than to announcements about inflation, output growth, or housing starts. This
finding is robust across surveys, time periods and economic environments—including pe-
riods of rising inflation when one might expect price signals to dominate. Even household
inflation expectations respond significantly to unemployment shocks.

To arrive at these results, we develop a rational inattention model of household expec-
tation formation following Sims (2003), Mackowiak & Wiederholt (2015). In the model,
households care about a payoff-relevant economic outcome that depends on multiple
macroeconomic fundamentals, but face finite cognitive capacity to process information
about these fundamentals. They optimally allocate attention across variables, and the
model delivers a reduced-form prediction linking announcement surprises to expectation
revisions. The key testable implication is that if households allocate more attention to
unemployment than to inflation, then unemployment announcements should generate
larger expectation revisions than CPI announcements.

A practical difficulty in taking the model to data is that households’ true prior beliefs
are unobserved. We address this by constructing announcement surprises under two
polar benchmarks. Under the sophisticated benchmark, households form priors identical
to professional forecasters, and the surprise is measured as the difference between the

IMoreover, household expectations are formed jointly over these signals (Andre et al. 2022, Kamdar
& Ray 2024), which makes it imperative to understand which signals are most informative to households.
This is because household expectations often reflect broader economic health, particularly in assessing
household behavior during recessions. Understanding the drivers of household sentiment is valuable for
policymakers to gauge general economic sentiment and respond effectively to downturns.



announced value and the Bloomberg consensus forecast. Under the naive benchmark,
households simply extrapolate from the previous announcement, and the surprise is the
change in the announced series. For plausible intermediate cases where household priors
are a weighted average of these benchmarks, the true response coefficient is bounded
by the estimates obtained under the two cases. Crucially, if unemployment announce-
ments generate larger responses than inflation announcements under both benchmarks,

unemployment dominates regardless of assumptions about household sophistication.

In testing these implications, we confront a fundamental identification challenge: macroe-
conomic announcements occur at discrete intervals, often clustered within short windows,
while standard household surveys measure expectations only monthly.? This temporal
mismatch makes it difficult to isolate the causal effect of any single announcement on be-
liefs. We address this challenge by exploiting daily variation in survey responses from the
Gallup Daily Tracking Poll (2008-2017), which interviewed approximately 500 respondents
per day with questions about economic expectations. This high-frequency data allows us
to compare expectations formed immediately before and after specific announcements,
isolating their causal impact within narrow event windows.

The empirical analysis proceeds in four steps. First, using the Gallup Daily Tracking Poll,
we estimate local projections of expectation changes on announcement surprises for
unemployment, CPI, GDP growth, and housing starts. Under both the sophisticated and
naive shock measures, we find that unemployment announcements generate statistically
significant revisions in household expectations, while announcements for other variables
generally do not. A one-standard-deviation surprise in the unemployment rate reduces
the share of households reporting optimism about the economy by 0.5 to 0.8 percentage
points on impact. In contrast, CPI surprises, GDP surprises, and housing starts surprises
have effects that are smaller in magnitude and rarely statistically distinguishable from

Z€T10.

Second, we extend the analysis using microdata from the Michigan Survey of Consumers
(MSC), which spans 1980-2019 and includes recorded interview dates that permit high-
frequency identification. The longer sample allows us to examine whether the stronger
response to unemployment is specific to the post-Great Recession period covered by Gallup
or reflects a more general pattern. We find that it does: across four decades and diverse
macroeconomic environments, unemployment shocks consistently exert larger effects on
household sentiment than inflation shocks. This remains true even when we restrict our

2The two most popular sources of expectations in the US are the University of Michigan’s Survey of
Consumers and the NY Fed’s Survey of Consumer Expectations, both of which are monthly.



sample to periods of rising inflation.

Third, to form expectations, households can prioritize different variables at different points
in time. For example, during periods of rapidly rising unemployment, such as the COVID-19
pandemic, unemployment likely becomes the dominant driver of expectations. Conversely,
in periods of high inflation, such as the early 1980s, inflation likely takes precedence. We
validate this dynamic by partitioning the MSC sample into four scenarios based on the
direction of change in unemployment and inflation: (i) both rising (negative supply shock),
(ii) both falling (positive supply shock), (iii) unemployment rising and inflation falling
(negative demand shock), and (iv) unemployment falling and inflation rising (positive
demand shock). In all four scenarios, unemployment shocks significantly affect household
expectations.? It is interesting to note that even in periods of declining unemployment
and rising inflation, it is shocks to unemployment that significantly affect households’
sentiment. During negative shocks, typically associated with recessions, unemployment
dominates completely.

Fourth, we analyze whether the same patterns hold for quantitative inflation expecta-
tions, as opposed to qualitative assessments of economic conditions. Using MSC’s 12-
month-ahead inflation expectations, we find that unemployment shocks affect inflation
expectations at least as strongly as, and often more strongly than, CPI shocks. Under
the sophisticated benchmark, unemployment shocks are the only significant driver of
inflation expectations in scenarios conventionally associated with negative supply and
demand shocks.

We also document significant asymmetries in household responses. Positive shocks to
unemployment (announcements revealing worse-than-expected labor market conditions)
generate larger expectation revisions than negative shocks of equal magnitude. This
pattern is consistent with negativity bias: bad news about jobs generates larger belief
revisions than good news.

We make three contributions relative to the existing literature. First, we conduct a system-
atic horse race across multiple macroeconomic announcements—unemployment, CPI,
GDP, and housing starts—using a unified empirical framework. This allows us to directly
compare which signals households attend to, rather than studying each announcement in

isolation. Second, we construct announcement surprises under two polar benchmarks

3This is true regardless of whether households are assumed to be sophisticated or naive. The only
scenario where the response to unemployment is insignificant is in the case of naive households when both
unemployment and inflation are decreasing.



(naive and sophisticated) that together bound the true household response, allowing us to
draw robust conclusions without taking a stand on household information sophistication.
Third, we connect the reduced-form estimates to a microfounded rational inattention
model, providing a structural interpretation: differences in response coefficients across
announcements reflect differences in the attention households optimally allocate to each
signal.

Our findings contribute to several strands of the literature. Most directly, we contribute
to the growing body of work on survey-based expectations and their determinants (Mal-
mendier & Nagel 2015, Kuchler & Zafar 2015, Mian et al. 2021, Bachmann et al. 2015,
Armantier et al. 2015, Coibion et al. 2020, Lamla & Vinogradov 2019). While much of this
literature focuses on inflation expectations and their anchoring properties, we show that
labor market information plays an important role in shaping household beliefs, even
beliefs about inflation itself. Recent work by Kamdar & Ray (2024), Andre et al. (2022), and
Roth & Wohlfart (2019) emphasizes that households form joint expectations over multiple
macroeconomic variables rather than tracking each in isolation. Our results suggest that
the labor market is a key input to this joint expectation formation process.

Our paper is most closely related to Binder et al. (2024) and Mertens et al. (2020). In contrast
to the daily event-study approach in Binder et al. (2024), which exploits the quasi-random
timing of interview dates in the Survey of Consumer Expectations (SCE) to estimate average
treatment effects of scheduled releases on inflation expectations, our design uses explicit
surprise measures and local projections. Further, using expectations from the SCE, which
was designed to be a monthly survey, at a daily level makes the analyses likely to suffer
from small sample bias. As we document in the appendix, the daily SCE sample is only
about 40 households,one-tenth the sample size of Gallup, and also has specially sparse
sample around the BLS announcements. The Michigan microdata also suffers from this
issue, however, we exploit the long time series dimension of the MSC rather than it’s
frequency.

Relative to Mertens et al. (2020), who apply a similar high-frequency Gallup/local-projection
framework to monetary policy surprises, we broaden the scope to a systematic horse
race across multiple macro announcements (labor market, inflation, output, housing)
using harmonized shock construction.* We then discipline external validity by extending
the analysis to Michigan microdata over 1980-2019, allowing us to study both economic

“While we have a similar baseline specification, our outcome variables are very different. Mertens et al.
(2020) construct a weighted confidence index using current perception and future expectations, while we
focus purely on the future expectation series.



sentiment and inflation expectations across markedly different macro regimes. Finally,
we connect these reduced-form impulse responses to a microfounded attention allocation
mechanism: differences in estimated coefficients across announcements are interpreted
as differences in the welfare relevance and endogenously chosen attention weights placed
on each signal, yielding a structural rationale for why labor-market news is a dominant
driver of expectation revisions in both datasets.

We also contribute to the literature on the macroeconomic announcement premium. Prior
research documents that announcements move spot exchange rates (Andersen et al. 2003,
Evans & Lyons 2008), commodity prices (Caporale et al. 2016), bond yields (Balduzzi et al.
2001, Andersen et al. 2007, Glirkaynak et al. 2005a), global asset prices (Boehm & Kroner
2023), and effects of news shocks (Barsky et al. 2015). Our contribution is to show that this
premium exists even for household expectations and is largest for labor market news.

The remainder of the paper is organized as follows. Section 2 develops the rational inatten-
tion model of expectation formation and derives testable predictions. Section 3 describes
the Gallup Daily Tracking Poll, Michigan Survey of Consumers, and Bloomberg announce-
ment data. Section 4 presents the empirical strategy, including the construction of shock
measures and the local projection specification. Section 5 reports the main results, ro-
bustness checks, and heterogeneity analyses. Section 6 concludes.

2 A Rational Inattention Model of Expectation Formation

This section develops a theoretical framework to analyze how households form expecta-
tions about the macroeconomy in the presence of limited information processing capacity.
The model builds on the rational inattention literature pioneered by Sims (2003) and
extended by Mackowiak & Wiederholt (2015).

The central insight is that households have finite cognitive resources and must optimally al-
locate attention across macroeconomic fundamentals. Because attention is scarce, house-
holds track some variables more closely than others, generating differential responses
to announcements about unemployment, inflation, and other aggregates—even when
all announcements are publicly available. The key testable prediction follows directly:
announcements receiving greater attention generate larger expectation revisions. Com-
paring estimated coefficients across announcements thus reveals which macroeconomic
signals households attend to most closely.

The section proceeds as follows. Sections 2.1 to 2.4 set up the environment, information



structure, and optimal attention allocation problem. Section 2.5 derives the belief updating
rule and the reduced-form coefficients. Section 2.6 states the key assumptions. Section
2.7 links the model to observable announcement surprises, and Section 2.8 develops two
benchmark shock measures, corresponding to naive and sophisticated households, that
allow us to bound the true household response without taking a stand on household

information sophistication.

2.1 Environment

Consider a household that cares about an economic outcome Z7 that summarizes their
future economic prospects between an initial date t and a finite horizon T > t. This
outcome could represent, for example, future income growth, consumption possibilities,
or a more general measure of economic welfare. The outcome depends on a vector of J

macroeconomic fundamentals:

Xt =Xty -5 Xg1) 1

For example, suppose J = 2 and the outcome depends on unemployment and inflation, so
that Xy = (Uy, 7;), where U; denotes the unemployment rate and 71; denotes inflation at
time t. This example captures the two primary macroeconomic variables of interest in
our empirical analysis, though the framework readily generalizes to include additional
variables such as GDP growth or housing starts.

For tractability, we assume a simple linear structure for the payoff-relevant index:

T J T
ZT:ZZerjT+;=tsT (2)

=t j:]_

where 0; measures how important fundamental j is for household welfare and ¢ is an
aggregate error term orthogonal to contemporaneous and past values of the fundamentals.

The welfare weight 0; captures how sensitive household welfare is to movements in fun-
damental j. For instance, if labor income constitutes a large share of total household
income, then 0 (the welfare weight on unemployment) would be large in absolute value
and negative, reflecting the fact that higher unemployment reduces expected income
and welfare. Similarly, 0, captures how inflation affects household welfare, potentially
through its effect on real wages, real asset values, or the cost of consumption. We maintain



the orthogonality condition:

Eiqler | {Xshs<e] =0 forallT>t-1 3)

This condition ensures that past and current fundamentals do not predict future aggregate
shocks, a natural restriction given that ¢ is meant to capture unpredictable variation in
the payoff-relevant outcome that is orthogonal to the observable fundamentals.

Each fundamental follows a persistent autoregressive process:

_ 2
Xip=0jXj a1t Vi, Vi~ N(0, Gv]-) (4)
with |pj| < 1to ensure stationarity.” The persistence parameter p; plays a crucial role in
determining the importance of current information about fundamental j. Highly persistent
variables have innovations that affect the economy for many periods into the future,
making current information about such variables particularly valuable to households.

Households are assumed to know the law of motion (4), the error distribution, and the
parameters (p]-, O'%/’ ].). The friction in our model arises not from incorrect beliefs about how
the economy works, but rather from limited capacity to process all available information
in real time.

2.2 Timing and Information Sets

Time is discrete with periods indexed by t = 0,1, 2, .. .. We focus on new public information
at date t and a planning horizon T > ¢. In the data, the release of new information will
be measured by looking at announcements or data releases of macroeconomic variables.
The timing of information revelation and belief updating is as follows:

Information sets. Let 7;_; and Z; denote the household’s information set just before and
after the new information release at date t, respectively. Expectations conditional on these
information sets are defined as:

Et1[[1=E[- | Zs—1], E:l-1=E[- | Z{] (5)

The distinction between these two information sets is central to our identification strategy.

2
v,j : = 52
l—p; , and in steady state Var(Xj;) = 05

®Under (4), the stationary variance of Xj, (if it exists) is (7].2 =



By comparing expectations formed just before an announcement to those formed just
after, we can isolate the causal effect of the announcement on beliefs.

Between announcements (f - 1 to t). Between two consecutive announcements, house-
holds may observe noisy signals about the fundamentals from various sources such as
news reports, personal experience, or informal communication. Rather than modeling
this sub-period information structure explicitly, we summarize all pre-announcement
information about X;; by a Gaussian prior at time t:

th | Zp—1 ~ N(mj,t|t_1; Vj,t|t_1) (6)

where m; ;1 = [E;1[X}] is the prior mean and V; y,_; = Var(Xj; | Z;_;) is the prior vari-
6
ance.

At the announcement (t). At date ¢, an official macroeconomic statistic is released. We
treat the released value as a signal Sjt observed at time t. Immediately after observing
Sits households update their beliefs from IEt_l[th] to ]Et[X]-t] using Bayes’ rule. The signal
structure is described in detail below.

2.3 Information and the Capacity Constraint

Households do not observe the fundamentals Xj; perfectly. Instead, around macroeco-
nomic announcement dates, they observe noisy signals of the form:

_ — 1
Sie = Xjgtnjp, Mjp~N(ORy), Rjp=vj, (7)
with n;; independent of Xj;. The scalar y;; > 0 is the precision chosen in the rational
inattention problem.

The signal structure in (7) captures the idea that households observe macroeconomic
announcements with some noise. The noise variance R;; = y]-‘tl is inversely related to the
precision v;; that the household chooses to allocate to tracking fundamental j. A higher
precision (larger y;;) means the household pays closer attention to variable j, receiving
a more accurate signal. A precision of zero (yj; = 0) corresponds to completely ignoring
variable j. The key insight from information theory is that processing information is costly:
reducing uncertainty about X;, requires cognitive effort that is limited in supply. Note here

®The Gaussian assumption is maintained throughout for analytical tractability and because it delivers
clean closed-form solutions for the optimal attention allocation problem.
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that the noise in the signal is not due to any error in the announcement itself. Rather it
reflects the fact that households allocate limited cognitive resources to tracking Xt

Following Sims (2003), we measure the value of information in signal s;¢ by the reduction
in uncertainty it produces—that is, by the difference between prior and posterior entropy.
Under the Gaussian prior Xj; | Z;1 ~ N (M 44-15 Vj t/¢-1) and signal structure (7), the mutual
information between X, and its signal s;; takes the form:

1
I(th§ Sjt | Zt1) = 2 log(1 +thVj,t|t_1) (8)

Equation (8) has an intuitive interpretation. Mutual information is higher when: (i)
the signal is more precise (higher th), or (ii) there is more prior uncertainty to resolve
(higher V; 4;_1). The logarithmic form reflects the decreasing marginal value of additional

precision—there are diminishing returns to ever more precise tracking of a given variable.

Households face a constraint on total information processing capacity:

J J 1
I(Xjg; sj 1 Ze-1) =), 51081+t Vi 1) S & 9)

=1 ]:1

J

where k > 0 measures the household’s overall information processing capacity. The
constraint (9) forces households to make trade-offs: paying more attention to one variable
necessarily means paying less attention to others. This trade-off is at the heart of the
rational inattention problem and generates predictions about which announcements
should matter most for household expectations.

The parameter k can be interpreted as the cognitive bandwidth available for processing
macroeconomic information. It may vary across individuals (e.g., with education, cognitive
ability, or experience) and across contexts (e.g., during periods of economic crisis when
people devote more attention to economic news). For our purposes, we treat k as fixed
and focus on how a given capacity is optimally allocated across different fundamentals.

2.4 Optimal Attention Allocation

Households choose how precisely to track each fundamental by selecting the precision
vector {th}le' Their objective is to minimize the expected posterior variance of the horizon-
T payoff Z7 subject to the information processing constraint. Formally, the household

10



solves:

min By [Var(Zy | Z¢) | Zs-1] (10)
201,
. J 1
subject to Zl: 5 log(1+7v;¢Vj 1) < K (11)
]:

This objective captures the idea that households dislike uncertainty about their future
economic welfare. By acquiring more precise information about the fundamentals, they
can reduce this uncertainty.

Horizon aggregation. To solve the problem (10)-(11), we first characterize how current
beliefs about fundamentals translate into beliefs about the horizon-T payoff. Under the
AR(1) law of motion (4), the forecast at any future date t > t is:

E¢[Xj] = o] "E¢[Xj,] (12)

That is, forecasts of the future fundamental decay geometrically toward the unconditional
mean. This motivates defining a persistence multiplier:

T—t 1- pT—t+1
1) = e ]
AT -t) = Zp] oy (13)
{=0 ]

The multiplier A;(T - t) captures the cumulative impact of a unit change in the current belief
lEt[X]-t] on the expected cumulative value of the fundamental over the horizon [t, T]. For a
highly persistent variable, the multiplier is approximately T - ¢ +1; for a transitory variable,
the multiplier is approximately 1. This persistence effect is economically important: it
means that information about persistent fundamentals is more valuable because it helps
forecast a longer sequence of future values.

Using the persistence multiplier, the horizon-T payoff can be written (up to terms inde-
pendent of the precision choices) as:

J
Zr = Z e]./\]-(T - t)th + (terms independent of y) (14)
j=1

Hence, by Assumption 2, the posterior variance decomposes additively across fundamen-

11



tals:
J
Var(Zr | Tr) = Y [ej/\j(T - t)} ? Var(Xj, | I) + Var ( 5 £T> (15)
]'=1 T=t

where the final term involving ¢ does not depend on the precision choices {vje}-

Posterior variance of X;. Under the Gaussian prior and signal structure, the posterior
variance of X, after observing signal s;; is given by the standard Bayesian updating formula:

Vi tt-1

— (16)
1+t Vj )01

Var(Xj, | Zr) =

Higher precision v;; reduces the posterior variance, reflecting the value of attention in
reducing uncertainty.

Substituting (16) into (15), the attention problem (10)-(11) reduces to:

J
1
J=

min E é <9 AA(T t))2 Vitle-1
o A(T—1))" Dt
1120} =R 1+ 5t Vi -1

The solution to this problem, following Sims (2003) and Mackowiak & Wiederholt (2015),
takes the form:
29}2/\]2(T —1) 1

(18)
A ‘/jltlt_]‘

y]’-kt =max | 0,

where A > 0 is the Lagrange multiplier on the capacity constraint.

Equation (18) reveals the key forces determining optimal attention. Households allocate
more precision to fundamental j when: (i) the welfare weight 0; is large in absolute value
(the fundamental matters more for welfare), (ii) the persistence multiplier /\j(T - t) is large
(current information helps forecast a longer horizon), and (iii) the prior variance Vi tlt-1 is
large (there is more uncertainty to resolve). The shadow cost of information A pins down
the overall scale of attention and ensures the constraint (9) binds.

The max operator in (18) reflects the possibility that some fundamentals receive zero
attention. This occurs when the marginal benefit of tracking a fundamental (proportional
to 9]2/\]2) is sufficiently small relative to the marginal cost of information. In such cases,
households rationally choose to ignore the fundamental entirely.

12



2.5 Belief Updating and Expectation Revisions

Given the optimally chosen precision y]i“t, we now characterize how beliefs are updated
upon observing the signal. The posterior mean is a linear combination of the prior mean
and the signal:

Ef[X;] = (1- wip) B [Xp] + wjsyy (19)
where the Kalman gain wj, is:

* .
Vit YiVje

= 0,1 20
4 Vi1 + ()™ 1+Y Vi tlt-1 <01 20)

The Kalman gain w, measures the weight placed on the new signal relative to the prior. A

jt
higher gain (closer to 1) means households respond more strongly to new information; a
lower gain (closer to 0) means households largely ignore the announcement and stick with
their prior beliefs. The gain is increasing in the precision y}’-‘t allocated to fundamental j,

establishing the link between attention and responsiveness to announcements.

Taking expectations of equation (14), we can compute the revision in beliefs about the
horizon-T payoft:

J
ABfH(Zr) = il 2] - Bea[Z1) = ) OA(T - ) (EelXp] - Bra[X;,)) 21)
j=1
Substituting the updating rule (19) yields:
AEPH[Z7;) = Ze]A (T - By (550 - Bea X)) (22)

] 1

Let Sj; = sj; - E1[X;;] denote the household’s perceived shock—the difference between
the observed signal and the prior expectation. This is the surprise component of the
announcement from the household’s perspective. The reduced-form coefficient on this
shock is:

Bjt = e]/\](T - t)wjt (23)

The response of household expectations to announcement surprises depends on three
components: (i) the welfare weight 6; measuring how much fundamental j matters for

13



household welfare, (ii) the persistence multiplier Aj(T - t) capturing the horizon over
which current information remains relevant, and (iii) the Kalman gain wjg reflecting the
attention allocated to fundamental j.

2.6 Assumptions

Here we discuss the main assumptions underlying the model. These assumptions are
sufficient to deliver closed-form solutions for the optimal attention allocation and the
resulting belief dynamics.

Assumption 1 (Linearity and Normality) The payoff Z7 is a linear function of the fundamen-
tals as in (2). Each fundamental Xj; evolves according to (4), where e+ is independent of all past

realizations {Xs}s<r and has mean zero. The innovations V) are Gaussian with zero mean.

The linear-Gaussian structure is the workhorse of the rational inattention literature. It
ensures that the posterior distribution after observing a signal remains Gaussian, which
greatly simplifies the computation of optimal attention.

Assumption 2 (Independence Across Fundamentals) The innovations Vj; are independent

across j and over time, and vj, is independent of e« for all j and .

This independence assumption implies that the posterior variance of Zr can be written as a
sum of contributions from each fundamental separately. While potentially restrictive since
unemployment and inflation may be correlated in practice, this assumption allows us to
characterize how attention is allocated across individual fundamentals in a tractable way.
We discuss how the model could be extended to accommodate correlated fundamentals in
the online appendix .

Assumption 3 (Rational Expectations Given Information) Households know the law of mo-
tion (4), the parameters (pj, 0'\2/ ]-), and the distribution of er. Conditional on their (endogenously
chosen) information set Iz, they form Bayesian expectations.

This assumption embodies the “rational” part of rational inattention. Households are so-
phisticated Bayesian updaters who correctly understand the structure of the economy. The
friction in their expectation formation arises solely from limited information processing
capacity, not from misunderstanding or behavioral biases.

Assumption 4 (Stationarity and Horizon) The AR(1) processes in (4) are stationary (| p]-| <1).
The horizon T is finite and common across households. The welfare weight 6; is constant over
Te [t T].

14



Assumption 5 (Information Updating) No other major news arrives in the short window
[t -1, t]. Thus, the information set just after the announcement can be written as It = {sj;, Z-1}.

Assumption 5 is the key identifying assumption that allows us to interpret expectation
revisions around announcements as causal effects of the announcements themselves. It is
most plausible when the window between ¢ -1 and ¢t is narrow, which is why we exploit
daily survey data in our empirical analysis (Giirkaynak et al. 2005b).

2.7 Link to Announcement Surprises and Reduced-Form Coefficients

Empirically, we observe official macroeconomic releases (e.g., the published unemploy-
ment rate and CPI) and can construct announcement surprises using external forecasts
(e.g., the Bloomberg consensus). To connect the model to the data, we treat the published
series as the signal:

_ yrelease

The release is measured without statistical error in the sense that it is the official published
number. However, households may still perceive or ignore it depending on their attention
choice, as captured by the gain w in equation (19).

The theoretical surprise for series X; is:

Shockj, = X]_rtelease -~ E1[Xje] = 5 - Eo1[Xje] (25)

If our empirical measure of Shock;; is a good approximation to s;; - [E;1[Xj;], then equation
(22) suggests the reduced-form relationship:

AE}H[Zr] = B; - Shockj + (26)

where i indexes individuals and ¢t indexes event windows. Comparing (26) with (22), the
reduced-form coefficient can be interpreted as:

[3] = e]/\](T - t)w] (27)

Survey timing. In our empirical application, we exploit variation in the timing of survey
responses relative to macroeconomic announcements. Expectations measured on day ¢ - 1

are interpreted as [E;_;[Zr] (prior to the announcement), while expectations measured on

15



day t (after the release) correspond to [E¢[Z7]. The change in expectations:
AE{(Zr] = BelZr] - By alZ1] (28)

captures the causal effect of the announcement on household expectations, under the
identifying assumption that no other major news arrives in the short window between ¢ - 1
and t. This assumption is plausible when the window is narrow (for example, one day)
and motivates our use of high-frequency survey data.

Main prediction. The model generates a clear testable prediction. If an announcement
A is both more welfare-relevant (larger |0 4|) and more closely tracked (larger w,) than
announcement B, the model implies:

|Bal =[0aAA(T-t)wal > |0gAB(T - H)wp| = |BE| (29)

so that the announcements of A should shift household expectations more than the an-
nouncements of B. This is precisely what we test empirically by estimating (3 for different
series using local projections on high-frequency survey data.

2.8 Constructing Empirical Shock Measures

A practical challenge arises because households’ true priors E;1[X;] are not directly
observed. Different assumptions about household sophistication lead to different measures
of the surprise component of announcements. We address this challenge by considering

two polar benchmark cases that provide bounds on the true household response.

Naive benchmark. Under this benchmark, households pay little attention between an-
nouncements and simply extrapolate from the last release:

EP3Ye1X) = X1y (30)

That is, naive households expect the current value of the fundamental to equal its previous
announced value. The corresponding naive surprise is simply the change in the announced
series:
naive _ y-release
Shockj "¢ = X37ease - X; 1) (31)

This measure is straightforward to construct from publicly available data and does not
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require access to professional forecasts.

Sophisticated benchmark. Under this benchmark, households process information effi-
ciently and form expectations similar to professional forecasters:

h
By Xl = B X (32)

where lEffl[th] is the professional forecaster consensus (e.g., the Bloomberg median).
The corresponding sophisticated surprise is:

Shockjfph = xelease _ ¥ [ (33)

This is the standard measure of announcement surprise used in the asset pricing literature.
It captures the unanticipated component of the release relative to market expectations.

For actual households, the true prior likely lies between these two extremes. A simple way
to capture this is to write:

Ef X = (1- )X -1 + ;B [X,] (34)

for some (1)]- € [0, 1]. This formulation is consistent with the rational inattention model:
higher attention (larger ¢;) leads to more sophisticated forecasts that incorporate more
information beyond the last release.

Under (34), the true surprise is:

Shock}LtIH = X]-rtelease - ]EEIIJ [X;¢]
h
= Shockyy " + (1- &) (I [X] - X 01 ) 9

= Shockl™"® - ¢ (EFS 1] - X 1.1 ) (36)

If the professional forecast lies between the last period’s value and the actual release, as
is typically the case when forecasters correctly anticipate the direction of change, then
Shockft]H is bounded by Shock].f;aive and Shock]?fph. Combined with (27), this implies that
the true response coefficient f3; lies between the coefficients estimated under the naive
and sophisticated surprises:

A h A :
BJSOP < [3] < B}qalve (37)
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This bounding result is important for our empirical strategy. If we observe that under both
benchmarks the coefficient on a variable A dominates that on variable B:

Anai Anai A h A h
“Sﬁalve' N “Sgalvel and |B;0P | > |B%0P | (38)

then A dominates B in the true model regardless of the exact value of ¢;. This provides
a robust test of the model’s prediction that is invariant to assumptions about household
sophistication.

In summary, the rational inattention model developed in this section provides a structural
interpretation of the reduced-form coefficients we estimate empirically. The model pre-
dicts that households should respond more strongly to announcements about variables
that are more welfare-relevant, more persistent, and more closely tracked. By constructing
shock measures under both naive and sophisticated benchmarks, we can bound the true re-
sponse and test which announcements have the highest impact on household expectations
—an exercise we take to the data in the following sections.

3 Data

We use three main data sources. Our primary source is the Gallup Daily Tracking Poll,
which provides daily data on household expectations. The high-frequency nature of this
survey allows for clean identification of announcement effects within narrow windows.
Our second source is the Michigan Survey of Consumers (MSC), a monthly survey that
reports both qualitative sentiment measures and quantitative inflation expectations. The
MSC microdata contain interview dates, enabling daily and weekly analysis over a longer
time horizon (1980-2019). Our third source is Bloomberg’s US Economic Calendar, which
reports the median expectations of professional forecasters prior to each macroeconomic
release. These forecasts allow us to construct the surprise component of announcements
under the sophisticated benchmark.

3.1 Gallup’s US Daily Tracking Poll

The US Daily Tracking Poll (Gallup Inc. 2017), henceforth GDTP, is a repeated cross-
sectional survey conducted by Gallup. It was fielded to approximately 1,000 individuals
per day from 2008 to 2013, and 500 individuals per day from 2013 to 2017. Figure 2b shows
the average number of respondents each day of the month, consistently in the range of
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450-500, giving us more than 1.7 million observations in total.” The data are representative
at the daily level and match targets from the US Census Bureau by age, sex, region, gender,
education, ethnicity, race, and population density of self-reported location. Appendix

Table A3 displays summary statistics.

Figure 1: Household Expectations Index
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Notes: The GDTP Expectations Index is the fraction of respondents rating future economic con-
ditions as “Getting better” (versus “Getting worse”). The MSC share of optimists is the fraction
rating business conditions in the country as a whole during the next twelve months as “good times
financially” (versus “bad times”). The correlation between these series is 0.86. Data from Gallup
Inc. and Survey of Consumers, University of Michigan, Survey Research Center.

The main variable of interest is a measure of households’ expectations about the future of

the economy. Participants are asked:

’The survey is conducted for 350 days per year. Respondents are evenly divided between the Well-
being track and the Politics and Economy track. Certain variables, such as employment indicators and key
demographics, are asked on both tracks.

8We restrict our sample to individuals between the ages of 18 and 90.
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“Right now, do you think that economic conditions in the country, as a whole, are

getting better or getting worse?"

Participants choose between three options: getting better, staying the same, or getting
worse. We denote this variable as our Expectations Index. The proportion of respondents
answering “staying the same” is less than 5% throughout the sample, so we drop them. The
resulting binary index takes value 1 when respondents are optimistic (reporting that the
economy is “getting better”) and 0 when pessimistic (reporting “getting worse”). Higher
values indicate greater optimism about future economic conditions. Since the index is
binary, it can be interpreted as the share of optimists in the population.

Figure 1 displays the evolution of the Expectations Index over time, along with the anal-
ogous series from the Michigan Survey of Consumers.® The two series exhibit high co-
movement, with a correlation of 0.86, suggesting that both capture similar aspects of
household economic expectations. Appendix Table 2 reports changes in the Expectations
Index around major events during the sample period. For example, when Lehman Brothers
filed for bankruptcy in September 2008, the Expectations Index fell by 0.22 points—a sharp
decline in the share of optimistic households. We document substantial heterogeneity in
expectations across demographic groups in the online appendix.

3.2 University of Michigan’s Survey of Consumers

The Michigan Survey of Consumers (MSC) began in January 1978 and is the longest-running
survey of household expectations in the United States. It interviews approximately 500 indi-
viduals per month, selected to be representative of the US population. Participants answer
questions covering qualitative assessments of current and future economic conditions as
well as quantitative forecasts, including point estimates of expected inflation.

We use the MSC microdata because, since June 1979, interview dates have been recorded
and made publicly available (York 2023). This allows for high-frequency identification
at the daily and weekly level, complementing the Gallup analysis. Figure 2a reports the
average number of respondents each day of the month. As seen from this figure, the
Gallup survey has a significantly larger and more consistent sample each day, relative to
the MSC, making it our choice for the baseline.!’ The Michigan microdata does suffer

This corresponds to Question BUS12 in the MSC questionnaire.

10Note that this is true for other public surveys such as the NY Fed’s Survey of Consumer Expectations (SCE).
As we document in the online appendix, SCE also averages about 40-60 respondents each day, with a notably
sparse sample around the BLS announcement windows. None of these daily samples are as consistent or
large as the Gallup survey.
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from a small-sample bias for the weekly window. However, we use the MSC for it’s long
time series.

Figure 2: Number of Respondents Each Day of the Month
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Notes: Average number of respondents per day of the month in the Survey of Consumers, University
of Michigan, Survey Research Center, and the Gallup Daily Tracking Poll.

We use two measures of expectations from MSC. The first is a qualitative measure of
expected business conditions, chosen to match Gallup’s Expectations Index as closely as
possible.!! The survey asks:

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

&«

As with Gallup, participants choose between “good times,” “uncertain,” or “bad times.”
The proportion answering “uncertain” is low, so we drop them, leaving a binary index
comparable to Gallup’s Expectations Index. Our sample covers January 1980 to November

2021.12

The second measure is quantitative: 12-month-ahead inflation expectations. The survey

asks:

“By about what percent do you expect prices to go up/down on the average, during
the next 12 months?"

HFor robustness, we also use the Index of Consumer Expectations, a composite index from MSC. Results
are similar and reported in the Appendix.

12Although the survey started in 1978, interview dates are only available from June 1979. Moreover,
interview dates are only available through November 2021.
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Respondents report a number from 0 to 100. Figure 3a shows the evolution of inflation
expectations over time. Expectations were elevated in the early 1980s when realized
inflation was high, declined as inflation fell, and have remained relatively stable since,
with occasional increases around recessions. Figure 3b reports the distribution; most
responses lie between 0% and 10%.

3.3 Bloomberg’s US Economic Calendar

Bloomberg’s US Economic Calendar reports data for major macroeconomic announce-
ments along with the median forecast of professional forecasters (the “Consensus Fore-

cast”).13

Before each announcement, Bloomberg surveys economists to elicit their expecta-
tions. We focus on four variables: the unemployment rate, GDP growth (Advance release),
the month-on-month Consumer Price Index (CPI), and housing starts. Unemployment,
CPI, and housing starts are released monthly; GDP is released quarterly. Table A3 reports

summary statistics.

The Bloomberg forecasts allow us to construct the sophisticated shock measure: Shock;’tO ph

X].rtelease - IE%D fl [X]-t]. Bloomberg Consensus Forecasts are available from 1996 onward, which
determines the sample period for our sophisticated-household estimates (1997-2019 for
MSC, 2008-2017 for Gallup).

Figure 3: 12-Month Ahead Inflation Expectations
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Notes: Panel (a) shows the evolution of 12-month-ahead inflation expectations over time. Panel
(b) shows the distribution of responses. Data from Survey of Consumers, University of Michigan,
Survey Research Center.

13Bloomberg also reports revisions to initial releases. We use only the initial release, as this captures the
new information available at the announcement.
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4 Empirical Strategy

With the testable implications from the model, analyzing which macroeconomic variables
affect household expectations is now straightforward. As discussed in 5 ,(Glirkaynak et al.
2005a, Mertens et al. 2020), we propose that if we estimate the change in expectations
within a narrow window around the release date of a macroeconomic announcement, then
we can assign a causal claim to it. In other words, by choosing a tight window, we assume
that the only event occurring in that time frame is the macroeconomic announcement, and

therefore any change in expectations in this window must be due to the announcement.!*

To be precise, let the announcement occur on day t. We then consider the change in
household expectations in the window [t - 1, ¢t + h], where h denotes days from t. Since
people may take some time to update their expectations, we vary the horizon h from one
to five days. Let Ei[Z] denote expectations of individual i on day t and ShockX; denote the
shock coming from new information in the announcement. Then, following Jorda (2005),
the effect of the announcement on expectations can be estimated using the following local
projection:

E,,[Z] - Er1[Z] = o, + By, - ShockX; + DY, + €l (39)

This follows from Equation 26 in Section 2. D% denotes demographic characteristics of
person i at time t and include age, education, income, gender, occupation, job status and,
state of residence. Note that since the Gallup poll is not a panel survey, we cannot track
expectations of the same person over time. Thus, we average expectations for day ¢ -1
and subtract them. Since Gallup is representative at the daily level, E;_;[Z] denotes the
expectations for a representative agent.

One of the benefits of the specification with first differences of the independent variable
is that it allows us to parse out the anticipation effects (summarized in the day ¢t - 1 ex-
pectations) from the household expectations. This makes including lagged effects of the
dependent variable as a control, which is a common practice in this literature, redundant,
since they are already included in the day ¢ - 1 expectations. It also precludes the need to
include other macroeconomic variables as controls, since they will also be subsumed in
the day t - 1 expectations about the economy in future.

“We check for overlaps of major events with macroeconomic releases and omit the days where any
overlap occurs.
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Although we do not observe the time at which a person is surveyed, Gallup only surveys
people after 5 pm on weekdays. Since most announcements come out early in the morn-
ing, we feel that it is safe to include responses obtained on day t as coming after the

announcement.!® Our results, however, remain robust to the exclusion of day ¢.

It is also important to discuss the timeline of macroeconomic releases. The BLS jobs report
is the first major macroeconomic release of every month, and it is released on the first
Friday of every month. It is followed by CPI, which comes out in the middle of the month.
Next is the housing report, which is released between the 15th and 20th of every month.
Finally, the GDP report is released between the 27th and the last day of every month.

Since we use the timing of announcements for identification, it is crucial that our release
dates not clash with other announcements. For this reason, we do not look at the Index of
Industrial Production (IIP) because it is often released very close to the housing report.
A similar issue is present with the BLS jobs report, which comes out on the first Friday
of every month. It is preceded by the jobless claims numbers that are released every
Thursday. Furthermore, ADP Research Institute also usually releases its employment
report on the first Wednesday of every month. It could thus be argued that the correct
prior to look at for the unemployment rate would be Tuesday, since Wednesday to Friday
are filled with new information regarding the labor market. These results are summarized
in the appendix Tables A5 and A10, and we find our results to be robust.

We are using unemployment to proxy for BLS’s jobs report. However, several data is
released in the jobs report, such as labor force participation, non-farm payroll etc. While
labor force participation tends to be acyclical, non-farm payroll is very procyclical and
could be another candidate with which to proxy the jobs report. However, ADP Research
Institute also releases numbers on non-farm payroll in its report, which is highly correlated
with the non-farm numbers in the BLS’s report. Since ADP’s report comes out before BLS’s
jobs report, we consider that non-farm payroll numbers are not actually new data and
would already be incorporated in household’s expectations at day ¢ - 1 prior to the jobs
report. Therefore, we use unemployment rate to proxy the BLS’s jobs report, not non-farm
payroll.

Following the discussion in Subsection 2.8, the unanticipated component of each macroe-

conomic announcement can be summarized as follows:

I5The survey occurs from 11 am on weekends, but no announcements are made on weekends.
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AX; if naive
ShockXt = _ ) o
SurpriseX; if sophisticated

5 Results

This section presents our main empirical findings. Recall that the model predicts house-
holds will respond more strongly to announcements about variables that receive greater
attention. The model delivers a clear testable prediction: if |34| > || under both the
sophisticated and naive benchmarks, then release A announcements generate larger
expectation revisions than release B announcements regardless of assumptions about
household sophistication.

We begin with the Gallup Daily Tracking Poll, which provides the cleanest identification due
to its daily frequency and large sample size. Section 5.1.1 presents baseline results showing
that unemployment announcements generate significant expectation revisions while other
announcements generally do not. Section 5.1.2 documents asymmetric responses, finding
that bad labor market news moves expectations more than good news of equal magnitude

We then extend the analysis to the Michigan Survey of Consumers, which spans 1980-2019
and includes both qualitative sentiment measures and quantitative inflation expectations.
Section 5.2.1 examines responses of business conditions expectations across four macroe-
conomic scenarios based on the co-movement of unemployment and inflation. Section
5.2.2 asks whether the dominance of unemployment extends to inflation expectations
themselves—and finds that it does. Section 5.3 summarizes robustness checks, with de-
tailed results in the Appendix.

5.1 Gallup Daily Tracking Poll
5.1.1 Baseline Results

We estimate the local projection in Equation 39 to identify the causal effect of macroe-
conomic announcements on household expectations. The use of narrow windows—
comparing expectations the day before an announcement to expectations immediately
after—allows us to isolate the announcement effect from other contemporaneous news.
We estimate f3; for each j and horizon h, where we vary the horizon h from 0 to 5 days to
trace out the dynamic response. We report heteroskedasticity-consistent standard errors
in parentheses. These results are summarized in Table 1. For detailed information on
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the results (including number of observations, R?, controls) please refer to the online
appendix.

Sophisticated Households. Panel A of Table 1 reports results under the assumption that
households form priors consistent with professional forecasters, so that the shock is

measured as ShockSOPh

T Xjrtelealse - lEf ) [X;;]. We find that unemployment surprises

Table 1: Response of Household Expectations to Macroeconomic Announcements

Panel A: Sophisticated Households Model

¥t : A(Expectations Index);  Day0 Day 1 Day 2 Day3 Day4 Day5s

Surprise(Unemp) -0.564*  -0.562*  -0.640* -0.374  -0.173  -0.568*
(0.298)  (0.316)  (0.342)  (0.299)  (0.300) (0.313)

Surprise(CPI) 0.433 -0.173 0.396 0129 0419  0.108
(0.290)  (0.306)  (0.308)  (0.282)  (0.288) (0.295)

Surprise(GDP) 0.172 0.430 0.252 0.685**  -0.0762  0.189
(0.324) (0.325) (0.324) (0.323)  (0.341) (0.327)

Surprise(Housing) 0.0103 -0.108 0.110 0.648**  -0.214  0.745**
(0.321) (0.331) (0.331) (0.328)  (0.343) (0.337)

Panel B: Naive Households Model

Day 0 Day 1 Day 2 Day 3 Day4 Day5

A(Unemp) -0.785"**  -0.633** -0.950"**  -0.387 -0.185  -0.582*
(0.300) (0.316) (0.329) (0.305)  (0.303) (0.307)

A(CPI) 0.0741  -0.0804  0.672**  0.306  0.667**  0.156
(0.288)  (0.292)  (0.294)  (0.290)  (0.294)  (0.296)

A(GDP) 0.791**  0.818**  0.625*  0960*** 0.395  0.203
(0.343)  (0.345)  (0.351)  (0.344) (0.352) (0.356)

A(Housing) 0485  -0.341  -0171  0.569*  -0.128  0.376
(0.337)  (0.352)  (0.350)  (0.343)  (0.344) (0.349)

Notes: This table reports estimates of (3;, from Equation 39. Each cell is the coefficient from a separate
regression. We control for demographics including age, income, education, race, gender, political affiliation,
and state of residence. Survey weights used. Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
Data from Gallup Inc. and Bloomberg Finance LP.
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generate statistically significant revisions in household expectations, while surprises
in CPI, GDP, and housing starts do not. On the day of the announcement (Day 0), a
one-standard-deviation unemployment surprise reduces the Expectations Index by 0.56
percentage points. This effect persists through Day 2, with a coefficient of -0.64. In contrast,
none of the CPI coefficients are statistically significant at conventional levels. The point
estimates are small and switch signs across horizons, suggesting no systematic response
to inflation announcements. GDP and housing starts similarly fail to generate significant
expectation revisions, with the exception of isolated coefficients at specific horizons that
do not persist.

Figure 4: Dynamic Response of Household Expectations to Macroeconomic Announcements
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models. Data from Gallup Inc. and Bloomberg Finance LP.
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Naive Households. Panel B reports results under the assumption that households simply
extrapolate from the previous announcement, so that the shock is Shock]r-f‘ive = X].rflease -
X; 1. The pattern is similar but more pronounced. A one-standard-deviation increase in
unemployment reduces the Expectations Index by 0.79 percentage points on impact, with

effects remaining significant through Day 2 at -0.95.

Under this benchmark, GDP also generates a significant response: a one-standard-deviation
increase raises expectations by 0.79 percentage points. However, this effect is not robust
across horizons. CPI changes remain insignificant throughout.

Figure 4 displays the impulse responses with 95% confidence intervals. Across both
benchmarks, the unemployment response is negative and significant in the short run,
while the responses to other announcements are centered around zero throughout the
horizon.

Bounding the True Response. The model in Section 2 establishes that the true household
response lies between the sophisticated and naive estimates. For unemployment, combin-
ing the confidence intervals yields a bound of [-1.1%, -0.37%] for the true effect. Since this
interval excludes zero, we conclude that unemployment announcements have a robust

negative effect on household expectations.®

For GDP, the corresponding interval is [-0.16%, 1.1%], which includes zero. We therefore
cannot conclude that GDP announcements systematically affect expectations. For CPI and
housing starts, both benchmarks yield insignificant coefficients, providing no evidence
that inflation announcements move household expectations in this sample.

5.1.2 Asymmetric Responses

The baseline estimates capture the average response to shocks of either sign. However,
positive and negative shocks may convey different information and generate different

16Recall that B; = 6,A{(T - t)w;j ;. We do a back-of-the-envelope exercise using values of A and w; from
the literature to decompose f; into its components for each j. We find that the ratio of the welfare weights
on inflation and unemployment is 2.4, implying that inflation is about 2.5 times more important than
unemployment in the household’s welfare. Thus, the higher response of households to unemployment
(Bu > Br) is driven by the higher persistence of unemployment relative to inflation (pyy = 0.95 > p = 0.80).
The details of this exercise can be found in the online appendix.
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responses. We therefore estimate separate regressions for positive and negative shocks:

Ef;+h[Z] - Et1[Z] = oy, + B1p, % (Shock X; | Shock X; > 0) + Dit+h + e (40)
E;_i_h[Z] - Et—l[Z] = ooyt B2h X (Shock X; | Shock X; < 0) + D§t+h + €91 (41)

where t is the day of the announcement, h indicates days from ¢, EL indicates expectations
formed by person i on day T, Di ., denotes demographic controls, and Shock X; denotes the
shock to households’ information set. In the sophisticated case, Shock X; = Surprise X;;

in the naive case, Shock X; = AX;.1’

Table 2 reports the results. We find pronounced asymmetry in the response to unem-
ployment announcements. Positive unemployment shocks—announcements indicating
worse-than-expected labor market conditions—generate larger expectation revisions than
negative shocks of equal magnitude. For naive households, a positive unemployment
shock reduces expectations by 1.2 percentage points on impact, while a negative shock
has no significant effect. The pattern is similar for sophisticated households, though the
asymmetry is less pronounced.

This asymmetric response to unemployment shocks is consistent with negativity bias.
Households appear to weigh negative labor market signs more heavily, perhaps reflecting

greater concerns about downside risks to wage income and employment.!®

The asymmetry
may also reflect the sample period (2008-2017), during which unemployment was generally

declining from Great Recession peaks, making upward surprises particularly salient.

For CPI, we observe a different pattern. Sophisticated households respond only to positive
CPI surprises (higher-than-expected inflation), while naive households respond to both
directions. This suggests that inflation news may matter more when it signals rising prices.

5.1.3 Extending to the Michigan Survey of Consumers

The Gallup results establish that unemployment announcements generate larger expecta-
tion revisions than other macroeconomic news. However, two concerns about external
validity remain. First, the sample period (2008-2017) was characterized by low and stable
inflation, which may explain the non-response to CPI. Second, the Expectations Index is a

"Note that a positive surprise has different implications for different variables. A positive surprise in
unemployment indicates worsening conditions, whereas a positive surprise in GDP indicates improvement.

18Within an extended rational inattention framework, this asymmetry could arise from asymmetric loss
functions where households are more concerned about the downside risks to their welfare; or from a state
dependent attention allocation problem.

29



Table 2: Asymmetric Response of Household Expectations to Macroeconomic Announcements

Panel A: Sophisticated Households Model

Day 0 Day 1 Day 2 Day 3 Day 4 Day 5

Surp(Unemp); >0  -0457  -1.373**  -0.791  -0.0412  0.255 -0.147
0.588)  (0.571)  (0.579)  (0.562)  (0.568)  (0.583)

Surp(Unemp); <0 -0.0543 0.262 -0.634 -1.489** -0.518 -1.334*
(0.728) (0.795) (0.938) (0.739) (0.716) (0.747)

Surp(CPI); >0 0.953** 0.325 1.028** 0.400 -0.0809 0.770*
(0.458) (0.510) (0.523) (0.446) (0.449) (0.451)

Surp(CPI); < 0 0.101 0703 -0.0379  -0.675% -L.OSI***  -0.234
(0430)  (0436)  (0434)  (0410)  (0419)  (0.428)

Panel B: Naive Households Model

Day 0 Day1 Day 2 Day 3 Day 4 Day 5

A(Unemp); > 0 1.209%*  -1.804%F*  2.275%%* 0710  -0426  -0.641
(0.524)  (0.526)  (0.501)  (0.516)  (0.503)  (0.508)

A(Unemp); < 0 0630  2.546**  1.876 -1.038 0.720 -1.465
(1.037)  (1.096)  (1.223)  (L154)  (1.065)  (1.104)

A(CPI); >0 -1.386**  -1.885***  0.0382  -0928  -0.0708  -0.0560
0.628)  (0.662)  (0.677)  (0.637)  (0.639)  (0.636)

A(CPI)+ <0 1.680*** 0.859 3.078***  1.842***  1.173*  1.590***
(0.609) (0.620) (0.606) (0.586) (0.602) (0.616)

Notes: Estimates of (3 from Equations 40 and 41. (3}, is the change in expectations due to positive or negative
shock in the BLS jobs report and CPI announcement, in the window [t - 1, t + h] where t is the announcement
dayand h = 0,1, 2, 3,4, 5. Each cell is a separate regression. Controls include age, income, education, race,
gender, political affiliation, and state. Survey weights used. Standard errors in parentheses. *p < 0.10,
**p < 0.05, ***p < 0.01. Data from Gallup Inc. and Bloomberg Finance LP.

qualitative measure of sentiment; it is unclear whether quantitative inflation expectations
would respond similarly.

To address these concerns, we turn to the Michigan Survey of Consumers, which spans 1980-
2019 and includes both qualitative sentiment measures and point estimates of expected
inflation. The longer time frame also provides more statistical power for subsample
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analyses.

Figure 5: Asymmetric Response of Household Expectations to Macroeconomic Announcements

- i < -
1
1
1
- : t . o
i i - H
1 T 1
T 1
1 1 3 ! T
A ? o+ ‘ 4 : I T :
i I - 7L T o 1
1 ! 1 1 1 1
1 ) 1 ‘ 1
a4 o ! 1 -
b 1 &
1
@9 < 4
1 2 3 4 5 6 1 2 3 4 5 6
Days Days
® Naive @ Sophisticated = Bt 95% C| Naive = = = = & 95% Cl Sophisticated ® Naive @ Sophisticated = b=t 95% C| Naive = = = = & 95% Cl Sophisticated
(a) Unemployment: Positive Shock (b) Unemployment: Negative Shock
o~ o — <4
- 1
1 1 -
1 _ 1 :
-4 4 I 4 E '
1 1 1 1 -
H 4 q * ]l [ r ol
o+ — 1 1 1 i
1 1 H
1 1
1 1 . T
A i 1 T
ol—¢ B — — — i - =
1 1 .
o ] + 1 + 1 1 :
1 1 + . +
1 i H |
[ o A 1
1 2 3 4 5 6 1 2 3 4 5 6
Days Days
® Naive @ Sophisticated b=t 95% C| Naive #= = = = & 95% Cl| Sophisticated ® Naive @ Sophisticated ~ be=======d 95% C| Naive  #= = = = & 95% Cl Sophisticated
(c) CPI: Positive Shock (d) CPI: Negative Shock
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Sophisticated model shown with blue solid diamonds. The shaded green region indicates where
the true coefficient lies. 95% confidence intervals shown for Naive (gray) and Sophisticated (light
blue) models. Data from Gallup Inc. and Bloomberg Finance LP.

5.2 Michigan Survey of Consumers

We follow York (2023) in exploiting the interview dates recorded in the MSC microdata.
Because daily response counts are low (approximately 20 per day), we construct weekly
windows around each announcement and estimate:

El,[Z] - Eyy_1[Z] = oty + By - Shock X; + D, + el (42)
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where w = [t,t + 6] denotes the week after the announcement and w - 1 denotes the
week before. In the sophisticated case, Shock X; = Surprise X; (available from 1997 when
Bloomberg forecasts begin).'” In the naive case, Shock X; = AX; (available from 1980).2°

We consider two measures of expectations: (i) the fraction of optimists, based on the
12-month-ahead business conditions question (comparable to Gallup’s Expectations Index),
and (ii) point estimates of 12-month-ahead inflation expectations.

5.2.1 Business Conditions

Table 3 reports responses of the business conditions index. Panel A considers sophisticated
households (1997-2019); Panel B considers naive households (1980-2019).%!

Baseline. In the baseline specification, both unemployment and CPI surprises generate
significant responses. For sophisticated households, a one-unit unemployment surprise
reduces expectations by 1.2 points, while a one-unit CPI surprise reduces expectations by
1.6 points. For naive households, the corresponding numbers are -5 for unemployment
and -1.7 for CPI. Thus, finding significant effects for both unemployment and CPI implies
that households allocate attention to both signals and view both as informative for their
broader economic prospects. The fact that pooled estimates are of similar magnitude
does not, by itself, imply equal welfare relevance or equal attention across the two series:
the coefficient is an average across states and shock realizations, and if belief updating
is asymmetric for positive versus negative surprises, pooling them can have offsetting
effects.??

Asymmetry. When we separate positive and negative shocks, a clearer pattern emerges.
For sophisticated households, a positive unemployment surprise (bad news) reduces ex-
pectations by 13 points, while a negative surprise has no significant effect. For CPI, positive
surprises reduce expectations by 6.5 points, while negative surprises are insignificant.
For naive households, positive unemployment shocks reduce expectations by 7 points,
versus -2.3 points for negative shocks. Positive CPI shocks reduce expectations by 8 points,

Bloomberg Consensus Forecasts are available from 1996 onward.

20For naive shocks, we use initial release data where available. For older series (pre-1996), we use final
revised data; results are similar when restricting to initial releases post-1997.

2lWe report results for the pre-COVID period. The COVID-19 pandemic generated shocks with standard
deviations 13 times larger than average, which would dominate the estimates. Results including COVID are
in the Appendix.

22Decomposing f3 j into it’s components reveals a similar story as before - while the implied welfare weight
is higher for inflation than unemployment, it is unemployment’s higher persistence that drives the larger j3;
coefficient on it compared to CPI. Refer to the online appendix for further details of this exercise.
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Table 3: Response of Business Conditions Index to Macroeconomic Announcements

¥t = Business Outlook Xt=U X;=CPI

1) ()
Panel A: Sophisticated Households Model 1997-2019

Baseline Surp X; -L2%FF 6%
0.32)  (0.41)

Asymmetry Surp X; >0 A13FF 6,57
(1.27) (1.22)
Surp X <0 -0.8 0.6

(0.84) (1.34)

Scenarios AU >0,At>0 -3.8%** -1*

(1.07)  (1.05)

AU<OAT< O 2.7%0% 350
(0.96) (1.11)

AU >0,AT<0 -44** -04
(141)  (091)

AU<O,AT>0 3.9%% D ghw*
(1.14)  (0.94)

Panel B: Naive Households Model 1980-2019

Baseline Change X; o R W ek
(0.24)  (0.32)

Asymmetry Change X; >0 7% -8%*
(045) (0.62)

Change X; <0  -2.3%%%  g¥**
(0.64) (0.47)

Scenarios AU >0,At>0 -17*** 0.5

(0.94)  (0.56)

AU<0,At<0 -0.2 -3.5%%*
(0.77)  (0.93)

AU > 0,At< 0 -57%%% 320
(093) (0.63)

AU<O,AT>0 -6.1%%% D gkw*
(1.14)  (0.90)

Notes: Estimates of (3, from Equation 42. Controls include age, income,
education, marital status, gender, and region. Survey weights used. Stan-
dard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. Data from
Survey of Consumers, University of Michigan, Survey Research Center.
Surprises from Bloomberg Finance LP.
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but negative CPI shocks actually increase expectations by 4 points. The key finding is
that when economic conditions deteriorate (positive shocks to unemployment or CPI),
unemployment news generates larger or comparable responses to CPI news.

Supply and Demand Scenarios. To further understand the behaviour of household ex-
pectations, we partition the sample into four scenarios based on the co-movement of
unemployment and inflation: (i) both rising (negative supply shock), (ii) both falling (posi-
tive supply shock), (iii) unemployment rising and inflation falling (negative demand shock),
and (iv) unemployment falling and inflation rising (positive demand shock). Appendix
table 22 reports that these scenarios occur with roughly equal frequency.

The Scenarios section of Table 3 reveals a striking pattern:

* Negative supply shocks (AU > 0, Am > 0): Unemployment dominates. For sophisti-
cated households, the unemployment coefficient is -3.8 while CPI is -1. For naive
households, unemployment is -17 while CPI is insignificant.

* Positive supply shocks (AU < 0, Amt < 0): CPI matters more. For sophisticated house-
holds, unemployment is 2.7 and CPI is -3.5. For naive households, only CPI is signifi-
cant.

* Negative demand shocks (AU > 0, Ant < 0): Unemployment dominates. The unem-
ployment coefficient is -4.4 for sophisticated and -5.7 for naive households. CPI is

insignificant.

« Positive demand shocks (AU < 0, A > 0): Both matter, but unemployment remains
significant. For sophisticated households, unemployment is 3.9 and CPI is -2.8.

Unemployment shocks significantly affect household expectations in all four scenarios. CPI
shocks matter primarily during positive shocks—when economic conditions are improving.
During negative shocks, typically associated with recessions, unemployment dominates.

5.2.2 Inflation Expectations

A natural question is whether the dominance of unemployment extends to inflation expec-
tations themselves. If households form inflation expectations by tracking CPI, we would
expect CPI announcements to dominate. Table 4 tests this hypothesis.

Baseline. For sophisticated households, unemployment surprises significantly affect
12-month-ahead inflation expectations (0.1), while CPI surprises do not (0.05). For naive
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Table 4: Response of 12-Month-Ahead Inflation Expectations to Macroeconomic Announcements

Yt = EtTten2 X;=U X;=CPI
(1) (2)
Panel A: Sophisticated Households Model 1997-2019

Baseline Surp X; 0.1***  0.05
0.02)  (0.03)

Asymmetry Surp X; >0 0.7%%%  0.3%**
(0.11)  (0.11)

Surp X; <0 0.05 -0.07

(0.06)  (0.11)

Scenarios AU >0,Ar>0 0.3** -0.02
(0.09)  (0.09)
AU <0,At<0 -0.03 0.1
(0.07)  (0.08)
AU >0,At<0 0.3** 0.02
(0.11)  (0.08)
AU<0,Ar>0 -0.1 0.2%*
(0.08) (0.07)

Panel B: Naive Households Model 1980-2022

Baseline Change X; 0.2%**  (.3%**
(0.03)  (0.04)

Asymmetry Change X; >0 0.5** 0.6***
(0.06)  (0.08)

Change X; <0 -0.3*** 0.04
(0.07)  (0.05)

Scenarios AU >0,Art>0 0.6*** 0.2%**
(0.13)  (0.07)
AU <0,At<0 -0.5** 0.05
(0.09) (0.08)
AU > 0,ATt< 0 075  (.2%%%
(0.12)  (0.07)
AU<0,An>0 0. 0.5%%*
(0.11) (0.09)

Notes: Estimates of 3,, from Equation 42. Controls include age,
income, education, marital status, gender, and region. Survey
weights used. Standard errors in parentheses. *p < 0.10, **p < 0.05,
***p < 0.01. Data from Survey of Consumers, University of Michigan,

Survey Research Center. Surprises from Bloomberg Finance LP.
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Figure 6: Response of Business Conditions Index to Macroeconomic Announcements
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Notes: Coefficient plots for response of business conditions index to (a) unemployment shocks
and (b) CPI shocks. Naive model shown with black solid circles; Sophisticated model shown
with blue solid diamonds. The shaded light blue region indicates where the true coefficient lies.
95% confidence intervals shown for Naive (solid lines) and Sophisticated (dashed lines) models.
Data from Survey of Consumers, University of Michigan, Survey Research Center. Surprises from
Bloomberg Finance LP.

households, both coefficients are significant: unemployment at 0.2 and CPI at 0.3.

Asymmetry. Positive unemployment shocks (bad labor market news) increase inflation
expectations by 0.7 percentage points for sophisticated households and 0.5 points for naive
households. Negative unemployment shocks have smaller or insignificant effects. For CPI,
positive surprises increase inflation expectations by 0.3 points for sophisticated and 0.6
points for naive households. Negative CPI surprises are insignificant.

Supply and Demand Scenarios. The scenario analysis reveals that unemployment shocks
drive inflation expectations in most economic environments:

* Negative supply shocks: The coefficient on unemployment is 0.3 for sophisticated
households; CPI is insignificant.

« Positive supply shocks: Neither variable is significant for sophisticated households.
For naive households, unemployment is -0.5.

* Negative demand shocks: Unemployment is 0.3 for sophisticated and 0.7 for naive
households. CPI is insignificant.

« Positive demand shocks: CPI dominates. For sophisticated households, CPI is 0.2 while

36



unemployment is insignificant.

The finding that unemployment shocks affect inflation expectations, often more than CPI
shocks, suggests that households do not form inflation expectations by directly tracking
price indices. Instead, they may infer inflationary pressures from labor market conditions.

Figure 7: Response of 12-Month-Ahead Inflation Expectations to Macroeconomic Announce-
ments
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Notes: Coefficient plots for response of 12-month-ahead inflation expectations to (a) unemployment
shocks and (b) CPI shocks. Naive model shown with black solid circles; Sophisticated model shown
with blue solid diamonds. The shaded light blue region indicates where the true coefficient lies.
95% confidence intervals shown for Naive (solid lines) and Sophisticated (dashed lines) models.
Data from Survey of Consumers, University of Michigan, Survey Research Center. Surprises from
Bloomberg Finance LP.

Overall, these findings highlight the important role of unemployment news in shaping
household expectations, not only about the general economy but also about inflation. Our
results are consistent with Masolo (2022), who find that news about business cycle and
labor market fluctuations are related, implying that people look at the labor market to

infer movements in business conditions.

5.3 Robustness

We conduct several robustness checks, detailed in the Appendix.

Announcement Timing. The BLS employment report is released on the first Friday of each
month, before CPI is announced. If households update expectations based on the first
announcement regardless of content, our results could reflect timing rather than substance.
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We address this by measuring expectation changes for subsequent announcements relative
to pre-employment-report expectations (Ei 2] - E‘?_rlst[Z]). Results are robust.

Pre-Announcement Information. Other labor market indicators (ADP employment, job-
less claims) are released earlier in the week. We redefine the pre-announcement window
to Tuesday (Ei +h[Z] - E;F_uleSday[Z]). Results remain significant, though naive household

responses are attenuated, suggesting early releases provide partial information.

Local Labor Market. We test whether local labor market conditions influence households’
attention. We find that households living in counties with high local unemployment
respond more to shocks to unemployment, but not CPI.

Daily News Sentiment. Macroeconomic announcements often coincide with elevated
news coverage about the economy, which could independently affect household sentiment.
To isolate the the effect of the statistical release from contemporaneous news, we augment
our baseline specification with the daily news sentiment index as described in Shapiro
et al. (2020). The estimated responses are qualitatively similar to the baseline.

Financial Market Controls. Macroeconomic announcements move stock prices, which
may independently affect household sentiment. Our estimates remain qualitatively robust
to controlling for stock market returns.

Economic Conditions. Households may be more attentive during recessions or periods
of high unemployment and inflation. We find stronger responses during such periods,
consistent with state-dependent attention allocation.

Length of announcement window. We also test whether our results are driven by the
length of window. Shorter windows might capture more volatile expectations by construc-
tion. We thus do robustness taking a weekly window for Gallup, and find our results to be
broadly consistent. We also compute results at daily level windows in Michigan, so as to
provide a direct comparison with the Gallup baseline table.

Michigan Survey: We conduct several robustness exercises with the Michigan survey
as well, all of which are reported in the index. First, we report results for our baseline
exercise assuming a daily rather than weekly window. Second, we report these results by
restricting them to 2008 to 2017, to make them directly comparable to the Gallup results.
Third, we check whether households are more attentive during recessions. Fourth, we
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report results using the Index of Consumer Expectations (ICE) as our outcome variable.
This variable is constructed as an average of three forward looking questions based on
personal conditions as well as economic conditions. Refer to the appendix for more details.
Fifth, we categorize our four scenarios based on the level of unemployment and inflation,
rather than the change.

Finally, we report the number of daily respondents in the Federal Reserve Bank of New
York’s Survey of Consumer Expectations (Armantier et al. 2017) to show why doing a daily
event study with monthly survey data is likely to suffer from small sample bias.

6 Conclusion

This paper examines which macroeconomic signals households attend to when forming
expectations. Using high-frequency data from the Gallup Daily Tracking Poll and the
Michigan Survey of Consumers, we document that household expectations respond more
strongly to unemployment announcements than to announcements about inflation, GDP,

housing starts, among a wide array of other macroeconomic variables.

To interpret these patterns, we develop a rational inattention framework in which house-
holds allocate limited attention across macroeconomic signals. The model links reduced-
form announcement responses to attention weights: a larger response to unemployment
than to inflation implies a higher attention share devoted to labor market conditions.
Because measured announcement “surprises” can depend on households’ information
and forecasting sophistication, we construct alternative shock measures corresponding to
sophisticated and naive benchmarks, which together bound the response of expectations
without requiring us to take a stand on the degree of sophistication.

Our results are consistent across datasets and specifications. In Gallup, unemployment
announcements generate economically and statistically significant revisions in sentiment,
while CPI, GDP, and housing starts announcements typically do not. A one-standard-
deviation unemployment surprise reduces the share of households reporting optimism
about the economy by between 0.37 and 1.1 percentage points, depending on the benchmark
for surprises, and this effect is robustly different from zero. In the Michigan Survey, which
spans 1980-2019, unemployment shocks dominate CPI shocks across the four macroeco-
nomic environments we consider (positive and negative demand and supply episodes).
Inflation news matters primarily during periods of improving conditions; during reces-
sions and other adverse episodes, labor market news is the primary driver of household
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expectation revisions.

A striking implication is that even inflation expectations respond more consistently to un-
employment news than to CPI news. Under the sophisticated benchmark, unemployment
is the only statistically reliable driver of inflation expectations during negative demand and
supply episodes. This pattern suggests that households may infer inflation dynamics from
labor market conditions—using unemployment as a salient summary statistic—rather than
tracking price indices directly. Finally, we document pronounced asymmetries: bad labor
market news generates larger revisions than equally sized good news, consistent with
state-dependent attention and/or asymmetric updating.

Taken together, these findings have implications for understanding expectation formation
and its role in macroeconomic dynamics. The dominance of unemployment in shaping
household expectations, including inflation expectations, suggests that labor market con-
ditions are central to how households perceive the state of the economy. Future research
could explore the mechanisms underlying this pattern and its implications for policy

transmission.
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A Appendix

In this Appendix, we first derive several features of the quantitative model. We then
describe the data used in the empirical exercise by providing summary statistics. We then
discuss various robustness exercises.

A.1 Detailed derivation of the model

In this section we provide detailed derivation of the quantitative model discussed in
Section 2. We first discuss the minimization exercise for the household’s optimal attention
allocation problem. We then discuss the properties of some structural parameters. Finally,
we discuss two potential extensions.

A.1.1 Derivation of the Optimal Precision y]i‘; (Horizon T)

Here we derive the optimal attention allocation in the Gaussian-linear environment used
above, explicitly incorporating the horizon T and the persistence factor A;(T - ).

A.111 Setup. Households care about the payoff-relevant outcome
T J T
Zr = Z Z e]X]T + Z &1,
thjzl =t
with 6; measuring how important fundamental X is for Zt.

As argued in the main text, under the AR(1) law of motion and the Markov property, the
contribution of fundamental j to the forecast-error variance of Zr can be written as

2
(0;A(T - 1)) " Var (X, - E[Xj, | 5¢])-
If the prior variance of X is sz and the signal is

- -1
sjt - th +njt) 1]jt - N(O) Y]'t ))
then the posterior variance of Xj; is

0?2

Var(X: |s-)=—] .
JE ot 2.,
1+ Gj‘}/]t
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Hence the contribution of variable j to the forecast error of Zt is

0?2

(9]-/\]~(T - 1)) 2 —]2 + other terms independent of ;

Following Sims (2003), information processing capacity is limited:
ZI( t) ]t
where, in the scalar Gaussian case,
ceyo 1 2
I(Xjg; sjp) = > log (1+ o Yit)-

The household’s problem is therefore

2

(O J 1

] 2
min E T - t — st E —log (1+ o%vy:) < K. 43
yje =0} 32 At 1 UJZVjt ].=12 8 ]th) - (43)

A.l12 Lagrangian. LetA > 0 be the multiplier on the capacity constraint and p; > 0
the multipliers ony;; > 0. The Lagrangian is

2

J jit J=1 J=1

A.L1L3 First-order condition for v (interior case). For avariable j with strictly positive
attention (y;‘t > 0), the Kuhn-Tucker multiplier satisfies =0, and the FOC is

oL
8y]t
Compute the derivative term by term.
(i) Cost term.
0 2 sz 0‘;}
— | (0:A(T -t 0:A(T-t
0Yjt O =0) +0%y; (O =0) (1+07vj,)?
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(ii) Information constraint term.

2
0 1 1 0;
_ }\_log(1+o‘2'y) :}\._.—].
ay]-t 2 j 't 2 1+ szyjt

Adding these and setting the derivative to zero (and using y; = 0) gives

—(OA(T-D))"—L — —+A-=.— L =y
(OA(T =) (1+0fyp)? 2 1+o7vy

Multiply both sides by (1+ nyjt)zz
2 4 1 2 2 -
—(9]-/\]-(1 - 1)) of +A- 59 (1+ Gijt) =0.

Rearrange:
1 2 2 _ 2 4

Divide both sides by 0}2:
AL+ o2yy) = (OA(T- 1) %07
5 jYjt 7Y j

Solve for (1+ G]zy]-t):
2 2
2(6]/\](T - t)) 0']-
A

2y. =
1+0']-‘}/Jt

Therefore

2 2
Z(GJA](T—t)) O'j
A

2 (T _ 2
202\ (T-0) |
A o2
]

2 — -
03 Yjt = -1 = vi=

Imposing the non-negativity constraint y;, > 0 yields the optimal precision

205(A(T-1)*

A T2 (’
]

y;-‘t = max <{ 0, (45)

which is the horizon-T version of (18) in the main text.
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Thus attention to fundamental j is strictly positive only if its horizon-weighted welfare-variance
term E)JZA]Z(T -1) 0‘]2 is large enough relative to the shadow cost of information A; otherwise,

*:
y]. 0.

A.1.2 Derivation of the Kalman Gain w i

For completeness, we derive the gain w; used in equation (20) in the simple scalar case for

a given variable j (we suppress the index j to simplify notation).
A.1.2.1 Setup.
Consider a latent state X and a noisy signal s:

« Prior (just before the announcement at time ?):
X ~ N (m_1, Pr1),
where m;_; = E;_1[X] and P;_; = Var(X | Z;_7).

« Signal observed at time t:
s=X+e,  e~N(O,R), R=y"
where y* is the chosen precision of the signal.

Because (X, s) are jointly normal, the posterior distribution X | s is normal with mean and
variance given by standard formulas for the conditional distribution of a bivariate normal.

A.1.2.2 Joint moments.
We first compute the mean, variance, and covariance implied by the prior and signal
equations:

E[X] = my_y, E[s] = E[X + €] = my_y,

Var(X) = P;_i, Var(s) = Var(X +¢) = P;_; + R,
Cov(X, s) = Cov(X, X +¢) = Var(X) = P;_q,

since ¢ is independent of X.

A.1.2.3 Conditional mean.
For any jointly normal (X, s), the conditional expectation is

Cov(X, s)

E[X | 5] = ELX]+ ~ 5

(s-E[s]) .
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Substituting the expressions above,

E[X|s]=m1+ Fiet (s-ms1)

Pi1+R
Py P
-1 Pt_1+Rs Pt 1+R t=1-
Define the Kalman gain
_ P
Pt 1+R
Then we can write
E[X|s]=(1-K)m;_1+Ks.
Identifying E[X] = E[X | s] and E;_1[X] = m;_1, this becomes
E¢[X] = (1- K)E1[X] + Ks.
Comparing with the updating rule in equation (22),
E¢[Xjp] = (1- wj)Er1[X] + wjsjp,
we see that the gain w; is exactly the Kalman gain:
P
=K== 46
Y Pt +R 4e)

A.1.2.4 Expressing w; in terms of precision y]i‘;.

Using R = y?t‘l in (46), we obtain

*
wio= Pl P,
7 Py +V;}_l 1+ P vy

Under the AR(1) process for X;; in equation (4), the prior variance converges in steady
state to a constant P;_; — 0]2. In that case,
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A.1.2.5 Properties.
Since y;ft > 0 and cr]z > 0, the gain satisfies

(y%ﬁ.k
ngj —<1.
1+0y

As y]’.‘t — 0 (very imprecise signal), w;

prior. As y].*t — oo (very precise signal), w;

on the signal. Thus w; is a convenient scalar measure of how much attention (precision)
households allocate to announcements about variable j.

— 0 and the posterior puts almost all weight on the
— 1 and the posterior puts almost all weight

A.1.3 Potential Extensions

A.1.3.1 Extension 1: Mapping to Gallup Optimism

To map the continuous payoff-relevant index to a binary Gallup response, consider a latent
variable Z7, that depends on the expected payoff-relevant outcome:

Zip = Bl Zr] + Gy, (47)

where (;; captures idiosyncratic determinants of respondent i’s survey answer at time ¢,
which we assume to be orthogonal to macro announcements and to the common compo-
nent E:[Z7].

The observed Gallup outcome (indicator for being optimistic about the economy over the
next year) is

Vit =UZ;p > 0} = HE¢[Z7] + (; > O} (48)
If ¢;; has CDF F; and density f;, then conditional on the information set Z;,

Pr(y;; = 11 Zy) = Pr(C;; > -E¢[Z7] | It) = 1- F¢ (- Et[Z7]).

Now, consider a small announcement-induced change in beliefs about Z1 between ¢ -1
and t. Using a first-order Taylor expansion around a reference belief Z7,

APr(y;=1) = Pr(ylt 1)- Pr(ylt ~ f;(-Zr) AEFH[Z7], (49)

where AE{{H [Z7] is given by equation (2?).

Thus, up to the positive scaling factor f;(-Zr), the change in the fraction of respondents
who report being optimistic inherits the same structure as the underlying expectation
revision in the RI model. In particular, all comparative statics and cross-series rankings
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based on f3; = éjw]- carry over to the binary Gallup outcome.

A.1.3.2 Extension 2: correlated fundamentals and cross-updating.

The baseline model imposes independence across fundamentals (Assumption ??), which
rules out cross-updating effects (e.g., unemployment news shifting inflation expectations).
A simple extension replaces ?? with a joint linear system:

X¢=AXpg+ve, v~ N(0, L), (50)
and allows signals about linear combinations of Xy,
St = -[_D(t+nt) Nt ~N(0) R)) (51)

where H selects (or loads on) announced series and R is a noise covariance matrix. In this
environment, observing a precise signal about U; can rationally move beliefs about 7;
whenever A and Z imply that unemployment helps forecast inflation under (50).

A parsimonious alternative is the following representation
X;=bFi+er,  Fr=ppFi1+uyg, (52)

with e; idiosyncratic and independent of F;. In this case, paying attention to unemployment
is valuable if U; has a large factor loading by and relatively low idiosyncratic noise, so that
Ut is an informative proxy for the common factor F; that drives the payoff-relevant index.

In either formulation, optimal attention is directed not necessarily to each payoff-relevant
variable separately, but to those linear combinations of X; that span the payoff-relevant
component of the state vector. As a result, the model generically generates cross-series
belief revisions: a precise signal about unemployment leads to updating of beliefs about
other series like inflation whenever they share common dynamics or common factors.

In this section, we report several results from robustness checks as well as some statistics
to better understand the data in our study.

50



A.2 Gallup

A.2.1 Summary Statistics

Table 1: General Summary Statistics

Variable GDTP MSC
Age 47 years 49 years
Female 51% 54%
Low Income 38% 43%
Middle Income 47% 33%
High Income 15% 25%
White 73% NA
Black 12% NA
<High School 11% 4%
High School 35% 6%
Some College  31% 28%

N 1,705,158 277,160

This table records summary statistics for
demographic variables for both GDTP and
MSC. Survey weights used.
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Table 2: AE around Major Events

Date Event E_{t+1} - E_{t-1}
15 Sep 2008  Lehman Bankruptcy -0.22
4 Nov 2008  US Election 2008 0.27
25Nov 2008 Quantitative Easing -0.03
23 Mar 2010 Affordable Care Act -0.06
9 Aug 2011  Forward Guidance 0.04
6 Nov 2012  US Election 2012 0.11
1-17 Oct 2013  Congress Shutdown -0.13
Nov 2016 US Election 2016 0.05

This table summarizes the changes in household expectations
around some major events during the sample period 2008-17.



Table A3: Summary Statistics: Expectations

Variable Total Obs Mean Std. Dev. Frequency
(1) 2) 3) )

Michigan Survey of Consumers

Index of Consumer Expectations (ICE) 277,160 79.8 45.8 Daily
12-month ahead Inflation Expectations 209,744 5.4 5.5 Daily
Fraction of Optimists 231,304 519 50.0 Daily
Change in Fraction of Optimists 12,227 -0.03 22 Daily

Gallup Daily Tracking Poll

Fraction of Optimists 1,705,161 0.4 0.5 Daily
Change in Fraction of Optimists 3387 -0.009 3.8 Daily

Bloomberg Economic News (1996-2019)

Surprise(Unemployment) 273 -0.03 0.14 Monthly
Surprise(CPI) 276 -0.01 0.12 Monthly
Surprise(Housing) 257 1.67 78.63 Monthly
Surprise (GDP) 84 0.01 0.71 Quarterly

Actual Economic Variables (1980-2019)

Change(Unemployment) 480 -0.005 0.17 Monthly
Change(CPI) 480 0.38 0.47 Monthly
Change(Housing) 257 0.16 183 Monthly
Change (GDP) 84 -0.04 2.1 Quarterly

Notes: This table reports summary statistics for household expectations from GDTP and MSC, as well
as surprises and actual values from Bloomberg Finance LP. Housing and GDP data are available from
1997-2019. Survey weights used. Data from Gallup Inc. and Survey of Consumers, University of Michigan,
Survey Research Center.
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A.2.1.1 Heterogeneity in Household Expectations

We observe substantial heterogeneity in household expectations across demographic
groups. In Figure 8a, we find that college graduates were systematically the most optimistic
over time. This can be linked to job status, since college graduates tend to have the highest
employment rates and thus tend to be consistently more optimistic than the unemployed
(Figure 8b). Looking across age groups in Figure 8c, we find that younger respondents
are consistently more optimistic than middle-aged and older respondents. While little
difference in optimism exists across genders in most years (Figure 8d), there seems to be
a sharp increase among men post 2016.

Interestingly, we find a reversal when looking at heterogeneity across political affiliation
and race. As Figure 8f demonstrates, households’ optimism is proportional to their party
affiliation, and changes depending on the ruling party (Mian et al. 2021).%3 This reversal is
also present when looking at heterogeneity by race (Figure 8e).2*

23 At the start of 2008, when the Republican party is in power, we observe that households affiliated with the
Republican party are more optimistic than those affiliated with the Democratic party. In the 2008 elections,
when the Democrats win, we see that expectations of households affiliated with them increase, while those
of households affiliated with the Republicans decline. Democrats stay consistently more optimistic than
Republicans after winning the 2012 election, but become pessimistic after losing in 2016.

24After the 2008 Presidential election when Barack Obama is elected as the first Black president of the
United States, Black households become significantly more optimistic, even exceeding the proportion of
white households who are optimistic. In contrast, after the 2016 election which brought Donald Trump to
power, the reverse occurs and Black households become more pessimistic than White households.

53



% of Respondents

50

— Less than high school diploma i —— Employed
-—- High school degree or diploma  »; i ~== Unemployed

—-~ Some College or above i
; 40

w
S

)
o

% of Respondents

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2010 2011 2012 2013 2014 2016 2016 2017 2018
Years Years

(a) Education (b) Job Status

50

N
S

w
S

% of Respondents

90

80

70

60

50

40

30

% of Respondents

20

—— Young Age
=== Middle Age
—-= Old Age

2012 2013 2014 2015 2016 2017 2018

Years

(c) Age

— \White
-== Black

|
I
1
i
1
1
1
|
1

2013 2014 2015 2016 2017 2018
Years

(e) Race

50

40

w
S

N
o

% of Respondents

N o @ ~ @ ©
S =] (=] =] o S

% of Respondents

©w
S

—— Male
—--- Female

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Years

(d) Gender

\

—— Republican
--- Democrat

" LAV

" \ A
ad ?
NSy \ao

r
PR

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Years

(f) Party Affiliation

Figure 8: Heterogeneity in Household Expectations




A.2.2 Detailed Regression Tables for GDTP

Table 4a: Baseline: Sophisticated Households

Panel A: Sophisticated Households

Day0 Dayl Day2 Day3 Day4 Day5
Surprise(Unemp) -0.568* -0.565* -0.642* -0.377 -0.170 -0.578*
(0.298) (0.316) (0.341) (0.299) (0.300) (0.313)
Observations 33363 32657 30264 32826 33950 31544
R? 0.051  0.049 0.045 0.052 0.049 0.048
Surprise(CPI) 0434 -0168 0.391 -0123 -0419  0.111
(0.290) (0.306) (0.308) (0.282) (0.288) (0.295)
Observations 32697 31409 31836 33342 33528 32386
R? 0.049  0.047  0.051 0.051 0.055  0.055
Surprise(GDP) 0.168 0427  0.252  0.690"* -0.0763  0.189
(0.324) (0.325) (0.324) (0.323) (0.341) (0.327)
Observations 32112 31029 29208 30264 29008 30338
R? 0.056 0.051  0.049  0.048 0.045  0.057
Surprise(Housing) 0.0147 -0.107  0.115 0.650** -0.216 0.749**
(0.321)  (0.331) (0.331) (0.328) (0.343) (0.337)
Observations 34746 32693 33347 33745 32740 31851
R? 0.053  0.044  0.049 0.045  0.054  0.051
Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates of 35 from Equation 39 for sophisticated expectations model.
Here each cell is the coefficient from a separate regression equation. We control for demographics
such as age, income, education, race, gender, political affiliation, and state of residence of the
respondent. Survey weights are used. Standard errors are presented in parentheses. *p < 0.10, **

p < 0.05, *** p < 0.01. Surprises from Bloomberg Finance LP.
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Table 4b: Baseline: Naive Households

Panel B: Naive Households

Day 0 Day 1 Day 2 Day 3 Day4 Day5

A(Unemp) -0.790%*%  -0.640%* -0.951***  -0.392  -0.184 -0.591*
(0.300)  (0.315)  (0.329)  (0.305)  (0.303) (0.307)

Observations 32657 31955 29556 32156 33276 30858
R? 0.053 0.051 0.047 0.053 0.050 0.050

A(CPI) 0.0657  -0.0737  0.663** 0308  0.666** 0.157
(0.288)  (0.293)  (0.294)  (0.289)  (0.294) (0.296)

Observations 32003 30699 31113 32589 32834 32386
R? 0.049 0.048 0.053 0.052 0.056 0.055

A(GDP) 0.787*%  0.817**  0.625*  0963*** 0397  0.204
(0.343)  (0.345)  (0.351)  (0.344)  (0.352) (0.356)

Observations 31690 30593 28761 29814 28569 29890
R? 0.058 0.052 0.050 0.049 0.046 0.058

A(Housing) 0484  -0339  -0167  0.571*  -0131  0.378
0.337)  (0.352)  (0.350)  (0.343)  (0.344) (0.349)

Observations 33937 31857 32493 32937 32617 31379
R? 0.054 0.045 0.050 0.046 0.053 0.051

Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates of (3 from Equation 39 for the naive expectations model. Here
each cell is the coefficient from a separate regression equation. We control for demographics
such as age, income, education, race, gender, political affiliation, and state of residence of the
respondent. Survey weights are used. Standard errors are presented in parentheses. *p < 0.10, **
p < 0.05, *** p < 0.01. Surprises from Bloomberg Finance LP.
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A.2.3 Robustness Exercises

This section reports various robustness exercises in the Gallup sample. We show our
results are robust to taking t - 1 expectations, local labor markets, taking weekly horizons,
and different sample periods. We report these results below.

A.2.3.1 Taking t - 1 expectations for all announcements as the expectations the day
before the first announcement in the month, i.e. the unemployment announcement

Table A5: GDTP: Ei, (2] - B (2] = o, + B - ShockX; + Di,, + el

Panel A: Sophisticated Households

Day 0 Day 1 Day 2 Day 3 Day 4 Day 5

Surprise(CPI) 0.501* -0.000281 0426  -0.0285 -0.224 0.384
(0.292)  (0.307)  (0.309) (0.272) (0.276)  (0.283)

Surprise(GDP) 0.0357 -0.0171  -0.183 0350 -0.390  0.148
(0412)  (0417)  (0.363) (0.364) (0.387)  (0.603)

Surprise(Housing) 0.593* 0.341  0.818™* 1.169"** 0.209 1.496***
0.321)  (0.332)  (0.331) (0.328) (0.343)  (0.337)

Panel B: Naive Households

Day 0 Day 1 Day 2 Day3 Day4  Days

A(CPI) 0163  -0.121  0.507* 0150  0482*  0.0631
(0.289)  (0.293)  (0.294) (0.288) (0.291)  (0.293)

A(GDP) 1.030*  0.868  0.785* 0961** 0737  0.132
(0.566)  (0.563)  (0.456)  (0.453) (0491)  (0.710)

A(Housing) 0.345 0337  0.685* 1.357*** 0.637* 1.338***
(0.337)  (0.353)  (0.351) (0.342) (0.344)  (0.349)

This table shows the estimates from computing the change in expectations as as E; w2l -

Ef_rft[Z], where E?_rft[Z] is the average expectations before the employment situation release
each month. This exercise allows us to calculate changes in expectation around each release
relative to the expectations set before the first announcement of the month. Standard errors
are presented in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Surprises from Bloomberg
Finance LP.
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A.2.3.2 Taking ¢ - 3 expectations for the unemployment announcement instead of t - 1

Table A6

Panel A: Sophisticated Households

Day 0 Day 1 Day 2 Day 3 Day 4 Day 5

Surprise(Unemp) -0.00519* -0.00600* -0.00683* -0.00588" -0.000968 -0.00425
(0.003) (0.003) (0.004) (0.003) (0.003) (0.003)

Observations 30407 29659 27281 29719 30921 29203
R? 0.052 0.049 0.044 0.054 0.048 0.047

Panel B: Naive Households

Day 0 Day 1 Day 2 Day 3 Day 4 Day 5
A(Unemp) -0.00480  -0.00381 -0.00701** -0.00296  0.000810 -0.00153

(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Observations 30407 29659 27281 29719 30921 29203
R? 0.052 0.049 0.044 0.054 0.048 0.047

This table reports estimates for Equation 39 taking the prior expectation to be 3 days before the
announcement, instead of one day before. Robust (heteroscedasticity-consistent) standard errors are
presented in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Surprises from Bloomberg Finance LP.
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A.2.3.3 Local unemployment

We now test whether people change their expectations differently depending on their
local economic conditions. Both personal as well as local conditions can influence an
individual’s expectations.?® People living in areas with traditionally higher unemployment
could be more sensitive to movements in the unemployment rate. It could also be that
when unemployment increases, the shock is greatest to people in areas with traditionally
lower unemployment, so they respond more. We examine these hypotheses empirically
by estimating:

Ei+h[Z] - Et1[Z] = oy, + By, % (ShockX¢|LocalUy > median(LocalUy)) + Dit+h tey, (53)
E;Jrh[Z] - Et1[Z] = oy, + +Bop, X (ShockX¢|LocalUs > p75(LocalUy)) + D12t+h + €94y (54)

where t is the day of the announcement, h indicates days from ¢, E; indicates expectations
formed by agent i on day T, Di ., denotes demographic information for person i, ShockX;
denotes the shock in information due to the announcement, LocalU; denotes the local
unemployment rate of the fipscode that agent i lives in. We cluster standard errors by state.
We find the median and the 75th percentile local unemployment rate for all fipscode every
month, and split areas according to that value. We find that people living in areas with
high local unemployment pay more attention to shocks to the national unemployment
rate. This result, however, does not hold for shocks to CPI.

25Borgschulte & Martorell (2018) use data on military personnel records and they find that service members
would forgo 1.5% in reenlistment earnings to avoid a 1 percentage point increase in local unemployment
rate.
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Table A7: Response of Household Expectations to Unemployment Shocks Depending on Local
Area Unemployment

Panel A: Sophisticated Households

Day 0 Day 1 Day 2 Day 3 Day4  Days

Surp(U);, High50  -0.678**  -0.630**  -0.649  -0.357  -0.201 -0.691**
(0.259)  (0.260)  (0.421)  (0.329) (0.323) (0.287)

Surp(U);, Low50 0.0875  -0.637  -0.565 -0.00299 -0.0558  0.668
(0909)  (0.583)  (0.899)  (1.002) (0.851)  (0.740)

Surp(U)¢, High75 -0.650"*  -0.633**  -0.516 -0.313 -0.327  -0.675**
(0.308) (0.271) (0.458) (0.385)  (0.329)  (0.268)

Surp(U)¢, Low75 -0.104 -0.610 -1.237 -0.690 0.577  -0.0739
(0.912) (0.455) (0.708) (0.785)  (0.808)  (0.650)

Panel B: Naive Households

Day 0 Day1 Day 2 Day 3 Day4  Days

A(Unemp)t, High50 -0.753"** -0.682** -0.893"*  -0.364 -0.135  -0.602**
(0.278) (0.284)  (0.388)  (0.349) (0.399) (0.297)

A(Unemp);, Low50 ~ -0.721  -0.708  -1420  -0.363  -0.669  -0.168
(0.676) (0.732) (0.970) (0.856)  (0.810)  (0.797)

A(Unemp)s, High75  -0715**  -0.742**  -0759*  -0.255  -0.255 -0.623**
(0.316)  (0.320)  (0.411)  (0.384) (0.428)  (0.306)

A(Unemp)¢, Low75 -0.805 -0.562  -1.894**  -0.953 0.107 -0.489
(0.678) (0.459) (0.704) (0.678)  (0.738)  (0.638)

This table reports the estimates of 3; from Equation 53 for shocks to unemployment. Here, 3
is change in the expectations due to a shock in the unemployment rate in the BLS jobs report
interacted with the state’s unemployment rate, in the window [t - 1, ¢t + h] where t is the day of
the announcement and h = 0, 1, 2, 3, 4. In both panels, rows 1 and 2 indicate areas with high and
low local unemployment depending on median county level unemployment, and rows 2 and 4
indicate areas with high and low local unemployment depending on 75% percentile county level
unemployment. Standard errors are presented in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
Surprises from Bloomberg Finance LP.
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Table A8: Response of Household Expectations to CPI Shocks Depending on Local Area Unem-
ployment

Panel A: Sophisticated Households

Day0 Dayl Day2 Day3 Day4 Day5

Surp(CPI);, High50 0.578* -0.0716 0424  0.00657 -0.264  0.213
(0.316) (0.333) (0.335) (0.307) (0.313) (0.323)

Surp(CPI);, Low50  -0.395 -0.587 0451  -0958 -1.169 -0.375
(0.750) (0.803) (0.829) (0.748)  (0.773)  (0.756)

Surp(CPl);, High75 0441  0.0685  0.369 0.110 -0.0578  0.267
(0.329) (0.345) (0.348) (0.318) (0.327) (0.337)

Surp(CPI);, Low75  0.242  -0.937 0.224 -0.808  -1.505** -0.282
(0.615) (0.662) (0.667) (0.615) (0.608) (0.620)

Panel B: Naive Households

Day0 Dayl Day2  Day3 Day4  Day5

A(CPI)¢, High50 0.120  -0.0258 0.535"*  0.245 0.535 0.432
(0.326) (0.327) (0.261) (0.222)  (0.348) (0.349)

A(CPI)¢, Low50 -0.0491 0116 1720 0595  1.264* -1.238
(0.678) (0.886) (1.031) (0.596) (0.701)  (0.898)

A(CPI);, High75 -0.0687 0190  0.534* 0331  0.707* 0406
(0.353) (0.266) (0.285) (0.244)  (0.362)  (0.338)

A(CPI);, Low75 0.690 -0938 1.220** 0405  0.638  -0.465
(0489) (0.780) (0.564) (0.529)  (0.707)  (0.903)

This table reports the estimates of f3;, from Equation 53 for shocks to CPI. Here, 3 is
change in the expectations due to a shock in the unemployment rate in the BLS jobs report
interacted with the state’s unemployment rate, in the window [t - 1, t + h] where t is the day
of the announcement and h = 0, 1, 2, 3, 4. In both panels, rows 1 and 2 indicate areas with
high and low local unemployment depending on median county level unemployment,
and rows 2 and 4 indicate areas with high and low local unemployment depending on 75%
percentile county level unemployment. Standard errors are presented in parentheses. *
p <0.10, ** p < 0.05, *** p < 0.01. Surprises from Bloomberg Finance LP.
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A.2.34 Including News Sentiment as control

Table A9

Panel A: Sophisticated Households

Day 0 Day 1 Day 2 Day 3 Day 4 Day 5

Surprise(Unemp) -0.00611"**  -0.00413*  -0.00890*** -0.00286 -0.00506™* -0.00679***

(0.002) (0.003) (0.003) (0.003) (0.002) (0.002)
Surprise(CPI) 0.0829** 0.110** 0.100** -0.0109 -0.0603* 0.00167

(0.037) (0.050) (0.041) (0.039) (0.034) (0.040)

Panel B: Naive Households

Day 0 Day 1 Day 2 Day 3 Day 4 Day 5
A(Unemp) -0.00804***  -0.00509**  -0.0120***  -0.00395 -0.00577** -0.00850***

(0.002) (0.003) (0.003) (0.003) (0.002) (0.002)
A(CPI) 0.00154 0.00101 0.00452* 0.00146 0.00721*** 0.000503

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

This table reports estimates for Equation 39 modified to include the change in the Federal Reserve Bank of San
Francisco’s Daily News Sentiment Index as a control. Robust (heteroscedasticity-consistent) standard errors are
presented in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Surprises from Bloomberg Finance LP.
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A.2.3.5 Including Stock Market as control

Table A10

Panel A: Sophisticated Households

Day 0 Day1 Day 2 Day 3 Day 4 Day 5

Surprise(Unemp) -0.00597**  -0.00594**  -0.00790***  -0.00357 -0.00462*  -0.00690***

(0.002) (0.002) (0.003) (0.003) (0.002) (0.002)
Surprise(CPI) 0.00396* -0.00281 0.00382 -0.00248 -0.00225 -0.000995

(0.002) (0.002) (0.003) (0.002) (0.002) (0.002)

Panel B: Naive Households

Day 0 Day1 Day 2 Day 3 Day 4 Day 5
A(Unemp) -0.00876***  -0.00846***  -0.0114***  -0.00420* -0.00624™** -0.00787***

(0.002) (0.002) (0.003) (0.003) (0.002) (0.002)
A(CPI) 0.00136 0.000904 0.00629*** 0.00164 0.00660™** 0.000290

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

This table reports estimates for Equation 39 modified to include the change in NASDAQ as a control. Robust
(heteroscedasticity-consistent) standard errors are presented in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
Surprises from Bloomberg Finance LP.
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A.2.3.6 Pre vs post 2012

Table All: Response of Expectations in Recession versus Non-recession Years

Panel A: Sophisticated Households

Day 0 Day1 Day 2 Day 3 Day 4 Day 5
Surp(U);, Pre2012 -0.00269  -0.00893** -0.0104***  -0.00570 -0.00324  -0.00762**

(0.003) (0.004) (0.004) (0.004) (0.004) (0.004)
Surp(U)¢, Post2012 -0.0111* 0.000518  -0.000430  -0.00192 0.00201 0.00209

(0.006) (0.007) (0.007) (0.006) (0.006) (0.006)

Surp(CPI);, Pre2012  0.00280  -0.00192  0.00126  -0.00285  -0.00943***  -0.00230
(0.003) (0.004) (0.003) (0.003) (0.003) (0.003)

Surp(CPI);, Post2012  0.00961*  0.000798  0.00988  0.00115 0.00491  0.00930*
(0.006) (0.006) (0.006) (0.006) (0.005) (0.006)

Panel B: Naive Households

Day 0 Day 1 Day 2 Day 3 Day 4 Day 5
A(Unemp)t, Pre2012  -0.00697**  -0.0109*** -0.0153*** -0.00776**  -0.00526 -0.00587
(0.003) (0.004) (0.004) (0.004) (0.004) (0.004)
A(Unemp)t, Post2012  -0.0125% 0.00137  -0.000297  -0.00339 0.00801 -0.00122
(0.007) (0.008) (0.008) (0.007) (0.007) (0.008)
A(CPI)t, Pre2012 -0.00191 -0.00259 0.00521 0.00470 0.00536 0.00394
(0.003) (0.003) (0.003) (0.003) (0.004) (0.004)
A(CPI)¢, Post2012 0.00445 0.00180 0.00858  -0.000261  0.00922* -0.00203
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005)

This table reports estimates for two subsamples for GDTP - the period of the Great Recession (2008-2011), and the
non-recession period (2012-2017). Standard errors are presented in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
Surprises from Bloomberg Finance LP.
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A.2.3.7 Gallup weekly results

Table A12: GDTP Weekly Estimates

Xt= Xy=CPI X;=GDP X;=Housing
1 2 3 4

Panel A: Sophisticated Households

Surp X; -3rr* Sy A 0.07 -0.03
(0.12) (0.12) (0.13) (0.13)
N 222644 227598 215142 229071
R? 0.047 0.046 0.043 0.045
Controls Yes Yes Yes Yes

Panel B: Naive Households

Change X; -4.5*  -0.3** 1.8 2%
(0.12) (0.12) (0.14) (0.14)
N 217823 223661 212041 224846
R? 0.053 0.045 0.045 0.047
Controls Yes Yes Yes Yes

This table shows the estimates from a weekly window around each
announcement in the GDTP, equivalent to the weekly windows in
the MSC. Standard errors are presented in parentheses. * p < 0.10, **
p < 0.05, *** p < 0.01. Surprises from Bloomberg Finance LP.
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A.3 Michigan Survey of Consumers

In this subsection we describe robustness exercises done on the MSC sample. We dis-
cuss different horizons, account for recessions, different measures of expectations, and

inclusion of level of macro variables.

A.3.1 Daily results

Table 13a: MSC Daily Estimates

Panel A: Sophisticated Households 1997-2019

Day0 Dayl Day?2 Day 3 Day 4 Day 5
Surprise(Unemp) 0.438 0.189 0.273 -0.257 -0.459 0.700
(0.860) (0.858) (0.862) (0.766)  (0.806)  (0.822)
N 3208 3711 3302 4470 4295 3918
R? 0.027 0.022 0.033 0.019 0.023 0.024
Surprise(CPI) -0.637  2.361"* -2.049* 4.313*** -2.255%* 1.651
(1.048) (1.076) (1.184) (1.093)  (0.999) (1.037)
N 2284 2233 1941 2146 2280 2352
R? 0.028 0.019 0.023 0.030 0.031 0.020
Panel B: Naive Households 1980-2019
Day0 Dayl Day?2 Day 3 Day 4 Day 5
A(Unemp) -0.0389  0.373 0.711 -0.166  -1.288**  1.145*
(0.635) (0.654) (0.647) (0.563)  (0.604) (0.613)
N 6357 6845 6315 8557 8468 7936
R? 0.024 0.022 0.026 0.020 0.023 0.018
A(CPI) -1.380* 1.925"*  -0.663  1.571"*  -1.248* 2.589***
(0.746)  (0.773) (0.806) (0.707) (0.715) (0.843)
N 4561 4228 3715 4026 4238 4408
R? 0.026 0.016 0.023 0.019 0.025 0.024

This table shows the estimates from a daily window around each announcement in the MSC
for the full sample: 1980-2019. Standard errors are presented in parentheses. * p < 0.10,
** p < 0.05, *** p < 0.01. Data from Survey of Consumers, University of Michigan. Survey
Research Center. Surprises from Bloomberg Finance LP.
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A.3.2 Daily results for Gallup subsample

Table 13b: MSC Daily Estimates: 2008 to 2017

Panel A: Sophisticated Households

Day 0 Day1 Day2 Day3 Day 4 Day 5

Surprise(Unemp) -1476 1204  -0756 0997 -2.839%** 3.499%**
(0964)  (0.981) (1.038) (0.868)  (0.875)  (1.116)

N 1459 1479 1262 1861 1773 1603
R? 0.026  0.040  0.058 0016  0.026 0.045
Surprise(CPI) 23.625%F 2620 -0.370  3.196%  -4.093%**  4,153%**
(1.649)  (1.802) (1.869) (1.811)  (1.444)  (1.579)
N 986 925 891 973 1020 1035
R? 0.042 0034 0050 0.030  0.042 0.049

Panel B: Naive Households

Day 0 Day1 Day2 Day3 Day 4 Day 5

A(Unemp) 0162 3.109*** 0.0219 -1.894*  -0.437 0.162
(1.015)  (1.099) (1.153) (0.975) (1.033)  (1.081)
N 1681 1698 1434 2103 2040 1832
R? 0.027  0.036 0045 0016  0.019 0.037
A(CPI) 2.212%% 1535  -0.528  0.638 -2.691*** 3.519%**
(1.008)  (1.066) (1.094) (0.979)  (0.924)  (1.194)
N 1132 1086 1034 1095 1111 1132
R? 0.031  0.024 0056 0.022  0.034 0.037

This table shows the estimates from a daily window around each announcement in the MSC,
equivalent to the daily window in the GDTP for 2008-17. Standard errors are presented in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Data from Survey of Consumers, University of
Michigan. Survey Research Center. Surprises from Bloomberg Finance LP.
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A.3.3 Response of Expectations during US Recessions

In this section we estimate
E§+h [Z] - E¢_1[Z] = oy, + 1, X ShockX¢ + By, X L(Recession)

+ B3y, X (ShockX; x 1(Recession)) + D1é+h regy

Table Al4: Share of Optimists in Recessions

yt = Share of Optimists X;=U X;=CPI
1 2
Panel A: Sophisticated Households

Surprise(X;) 1x** -1.6*
(0.36) (0.46)

Recession Year DFKK gk
(1.13)  (1.33)

Surprise(X;)x Recession Year -3.5*** 1.2
0.86)  (0.92)

Panel B: Naive Households

AXy S -0.8*
(0.41)  (0.48)

Recession Year DIFFR pgrkk
(140)  (1.32)

AXyx Recession Year -1 0.3
0.83)  (0.87)

This table shows the estimates for change in share of
optimists during US Recessions. * p < 0.10, ** p < 0.05,
*** p < 0.01. Data from Survey of Consumers, University
of Michigan. Survey Research Center. Surprises from
Bloomberg Finance LP.

68



Table A15: Response of Household Inflation Expectations in Recessions

Vt = EtTtii10

XtZU
1

X =CPI
2

Panel A: Sophisticated Households

Surprise(X;) 0.003  0.05
(0.025) (0.04)

Recession Year 1.2%%*%  1.6***
(0.10)  (0.14)

Surprise(Xy)x Recession Year 0.18**  -0.05
(0.08)  (0.09)

Panel B: Naive Households

AX; 0.06** 0.03
(0.03) (0.04)

Recession Year 1.1%%*  1.6%**
(0.13)  (0.14)

AX:x Recession Year 0.03 0.1
(0.08)  (0.09)

This table shows the estimates for change in household
inflation expectations during US Recessions. * p < 0.10, **
p < 0.05, *** p < 0.01. Data from Survey of Consumers, Uni-
versity of Michigan. Survey Research Center. Surprises

from Bloomberg Finance LP.
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A.3.4 Index of Consumer Expectations (ICE)
ICE is a composite index of three forward looking survey questions:

1. Now looking ahead-do you think that a year from now you (and your family living there)
will be better off financially, or worse off, or just about the same as now?

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

3. Looking ahead, which would you say is more likely-that in the country as a whole we’ll
have continuous good times during the next five years or so, or that we will have periods of
widespread unemployment or depression, or what?

MSC calculates ICE in the following manner: first computes the relative scores (the percent
giving favorable replies minus the percent giving unfavorable replies, plus 100) for each

of the three index questions. Each relative score is then rounded to the nearest whole

X1+X2+X3 . ..
number. Then, {ICE = —————— + 2.0} where, the relative scores are divided by the

1966 base period total the added constant is to correct for sample design changes from the
1950s.

These three questions taken together provide a measure of household’s expectations about
the future of the economy, making it qualitatively similar to Gallup’s Expectation Index.
Changes in ICE can also be interpreted in a similar way - an increase in ICE denotes a rise
in optimism, whereas a decrease denotes a fall in optimism or a rise in pessimism.
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A.3.5 Level category tables

Table A16: MSC Scenarios Dependent on Level of U; and 7t

¥t = Business Outlook X;=U X;=CPI
1 2

Panel A: Sophisticated Households

High U;, High 7y KKk 2.8%
(0.80)  (0.98)
Low Uz, Low 7ty 2.7 -09
(0.70)  (0.96)
High Uy, Low 74 -1.6%** 0.9
(0.50)  (0.74)
Low Uy, High 7 0.08 -3.6%%*

(1.10)  (1.08)

Panel B: Naive Households

High U;, High 7y SN A kel
(043)  (0.65)
Low Uz, Low 7ty -1.2 -2.5%F*
(0.78)  (0.84)
High Uy, Low 714 R W
(0.38)  (0.45)
Low U;, High m; SS54%Fx DT

(1.51)  (1.55)

This table shows the estimates for scenarios de-
pendent on levels of inflation and unemploy-
ment. We define high unemployment to be
greater than 5% and high inflation to be greater
than 3%. * p < 0.10, ** p < 0.05, *** p < 0.01.
Data from Survey of Consumers, University of
Michigan. Survey Research Center.
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Table A17: MSC Scenarios Dependent on Level of U; and 7ty

Yt = ICE Xt =U Xt =CPI
1) (2)
Panel A: Sophisticated Households 1997-2019
Baseline Surp X; -0.6*** 1,27
(0.13)  (0.2)
Asymmetry Surp X; >0 -10.47FF 477
(0.47) (0.59)
Surp X; <0 -0.5* 0.1

030)  (0.62)

Scenarios AU >0,Anr>0 -3.8** -0.6
045)  (0.44)
AU<O0,ATT<0 2.6%5% 2 %r*
(0.28)  (0.40)
AU>0,Am<0 -46* -0.5
(0.48)  (0.47)
AU<O0,Amt>0 3%+ - AR
046)  (0.4)

Panel B: Naive Households 1980-2019

Baseline Change X; 3.3k 2%
0.09)  (0.17)

Asymmetry Change X; >0 -5.8%%  -44%**
(0.17) (0.29)

Change X; <0 -1*** 2.8%%*
0.23)  (0.20)

Scenarios AU >0,At>0 -13***  0.02

(0.30)  (0.26)

AU<O,AT<0 09%*  -2]%%*
(0.25)  (0.40)

AU > 0,At<0 -7.1** 2. 2%F*
0.38)  (0.33)

AU<O,AT>0 -3.6%%*% 320
(045)  (0.49)

This table shows the estimates scenarios dependent on
levels of inflation and unemployment. We define high
unemployment to be greater than 5% and high inflation
to be greater than 3%. * p < 0.10, ** p < 0.05, *** p < 0.01.
Data from Survey of Consumers, University of Michigan.
Survey Research Center. Surprises from Bloomberg Fi-
nance LP.
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A.4 Additional Exhibits

Average Number of Respondents
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Figure 9: Number of Daily Respondents: SCE
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