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Abstract

This paper studies tone dependence in household inflation expectations. Using
microdata from two large U.S. household surveys, the Michigan Survey of Consumers
and the New York Fed Survey of Consumer Expectations, we find that household
inflation expectations overreact more strongly to unfavorable news than to favorable
news. The same asymmetry extends to the second moment of beliefs, with subjective
inflation uncertainty rising after upward forecast revisions consistent with unfavorable
news, and falling after downward revisions consistent with favorable news. To organize
these facts, we develop an ambiguity-averse extension of diagnostic expectations in
which households face ambiguity over the no-news reference distribution against which
representativeness is evaluated.

1 Introduction

A growing literature on macroeconomic expectations finds that individual expectations over-
react to news. Applying the forecast-error—revision regression of Coibion and Gorodnichenko
(2015) at the individual level, Bordalo et al. (2020) first document overreaction in individ-
ual expectations among professional forecasters. They show that this pattern is well cap-
tured by the diagnostic-expectations (DE) framework of Bordalo, Gennaioli, and Shleifer
(2018), in which news makes some states appear more representative, leading agents to over-
weight those states and generate overreaction. Since then, individual-level overreaction has
been confirmed in additional surveys of professional forecasters and applied to a variety of
macroeconomic and financial contexts (e.g., Bordalo, Gennaioli, La Porta, and Shleifer, 2019;
Bianchi, Ilut, and Saijo, 2024a; L’Huillier, Singh, and Yoo, 2024). In all of these applications,
however, the strength of overreaction is by construction the same across different types or
directions of news. A natural question is whether overreaction depends on the tone of the
news, that is, whether the news is favorable or unfavorable from the forecaster’s perspective.
Whether overreaction is tone-dependent empirically, and how it would arise theoretically,
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has received remarkably little attention.! This paper documents a news-tone asymmetry in
U.S. household inflation expectations and develops a parsimonious theoretical framework in
which the asymmetry arises endogenously from a single behavioral assumption.

We document two new empirical facts on household inflation expectations. The first
fact concerns the first moment. Using the Michigan Survey of Consumers, where reported
price-news tone is directly observed, we find that household inflation expectations overreact
to both unfavorable and favorable price news, but the overreaction to unfavorable news
is significantly stronger. The same asymmetry appears in the New York Fed Survey of
Consumer Expectations (SCE). The SCE does not record reported news tone, so we use the
sign of each household’s revision as a proxy, with upward revisions interpreted as unfavorable
news. We find that upward revisions exhibit stronger overreaction than downward revisions.

The second fact concerns the second moment. Using the density forecasts in the SCE,
we find that upward revisions in household point forecasts are accompanied by increases
in subjective inflation uncertainty, while downward revisions are accompanied by decreases.
The two facts therefore align in direction. Revisions in the unfavorable direction are accom-
panied by both stronger overreaction in point forecasts and higher subjective uncertainty,
whereas revisions in the favorable direction are accompanied by the opposite pattern.

These two facts cannot both be reconciled within the canonical DE framework. In DE,
agents form a Bayesian posterior in response to news and then compare it to a reference
distribution describing what their beliefs would look like absent news. From this comparison,
states whose probability has risen relative to the no-news reference distribution are viewed
as representative of the news, and DE agents overweight them, producing overreaction. In
the canonical formulation the no-news reference distribution is fixed and does not depend on
the realized news, so the strength of overreaction is governed by a single parameter that is
invariant to the direction of news, and the dispersion of the diagnostic posterior is invariant
as well. Neither tone-dependent overreaction in the first moment nor the corresponding
asymmetry in the second moment can therefore arise within this framework.

In this paper, we show that a simple modification of the canonical DE framework ac-
counts for both facts at once. Under this modification, households face ambiguity over the
appropriate no-news reference distribution, and conditional on the realized news tone, they
select the reference distribution that is worst for themselves. We discipline the admissible set
of reference distributions using a standard robust-control device (Hansen and Sargent, 2001,
2008; Hansen, Sargent, Turmuhambetova, and Williams, 2006). In particular, candidate
reference distributions must lie within a relative-entropy ball around the reference distribu-
tion of canonical DE, containing those distributions that cannot be confidently distinguished
from the canonical reference distribution on the basis of available data.

How does this single extension generate both empirical asymmetries? The mechanism
operates through a single channel. Since the worst-case reference distribution differs across
news tone, overreaction is amplified in one case and dampened in the other. In other words,
the household’s pessimistic stance has different implications for different news. Under unfa-
vorable news, the household compares against a tighter reference, treating the bad realization
as a priori less likely and therefore especially informative. Against this tighter reference, the
unfavorable news appears more representative, and overreaction is amplified. Under favor-
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able news, it compares against a more diffuse reference, treating the good realization as a
priori more likely and therefore less informative. Against the more diffuse reference, the
favorable news appears less representative, and overreaction is dampened. The same tone-
dependent choice of reference distribution explains the second-moment asymmetry. In our
extension, as in canonical DE, subjective uncertainty equals the dispersion of the diagnostic
posterior. This dispersion, however, is not fixed but tone-dependent because the dispersion
of the chosen reference distribution itself depends on tone. After unfavorable news, the
household compares against a tighter reference distribution, against which a broad range of
states appears representative. The diagnostic posterior spreads out, and subjective uncer-
tainty rises. After favorable news, the household compares against a more diffuse reference
distribution, against which few states appear especially representative. The diagnostic pos-
terior stays concentrated, and subjective uncertainty falls. The same tone-dependent choice
of reference distribution therefore delivers both asymmetries through a single mechanism.
The model nests canonical DE, which is recovered when households entertain no ambiguity
over the reference distribution.

Our paper contributes to three strands of the literature. First, we contribute to the
literature on expectation overreaction and diagnostic expectations. A large body of work
studies overreaction in expectations using the forecast-error-revision approach of Coibion
and Gorodnichenko (2015), beginning with professional forecasters in Bordalo et al. (2020),
and subsequent empirical work documents overreaction using both survey data and labora-
tory experiments (Afrouzi et al., 2023; Duffy, Hanaki, and Yoo, 2025; Cornand, Hubert, and
Portier, 2025). Bordalo, Gennaioli, and Shleifer (2018) introduce diagnostic expectations as
a parsimonious model of representativeness-based overreaction, and subsequent work applies
this framework to stock returns (Bordalo, Gennaioli, La Porta, and Shleifer, 2019), diagnos-
tic bubbles (Bordalo, Gennaioli, Kwon, and Shleifer, 2021), macroeconomic forecasts (Bor-
dalo et al., 2020), macroeconomic dynamics and business fluctuations (Bordalo, Gennaioli,
and Shleifer, 2022; Bianchi, [lut, and Saijo, 2024a), real credit cycles (Bordalo, Gennaioli,
Shleifer, and Terry, 2026), asset prices and macro-finance (Maxted, 2024), and New Keyne-
sian dynamics (L’Huillier, Singh, and Yoo, 2024). Closest within the diagnostic-expectations
literature, Bianchi, Tlut, and Saijo (2024b) propose smooth diagnostic expectations, in which
the strength of diagnostic distortions varies with the change in uncertainty between current
and past beliefs. Across these settings, however, the no-news reference distribution against
which representativeness is evaluated is either fixed or evolves independently of the realized
tone of news, so diagnostic amplification is not itself chosen differently after favorable and
unfavorable news. We extend this framework by letting the reference distribution depend
on the realized news tone, while preserving the parsimony of the original formulation. The
closest evidence on asymmetric overreaction is Aktug and Rezghi (2025), who study profes-
sional forecasts and find stronger overreaction to good news than to bad news. We instead
study U.S. households, find stronger overreaction to unfavorable price news, and show that
the same tone asymmetry extends to subjective uncertainty.

Second, we contribute to the literature on household inflation expectations, information
exposure, news, and subjective uncertainty. Early work emphasizes the role of informa-
tion diffusion, inflation news, and the media in household expectation formation (Carroll,
2003; Pfajfar and Santoro, 2013; Lamla and Lein, 2014; Drager and Lamla, 2017; Larsen,
Thorsrud, and Zhulanova, 2021). A related experimental and microdata literature shows
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that household inflation expectations respond to statistical information, policy communi-
cation, and personal experience. Cavallo, Cruces, and Pérez-Truglia (2017) study learning
from inflation statistics and supermarket prices. Coibion, Gorodnichenko, and Weber (2022)
and D’Acunto, Hoang, and Weber (2022) study how monetary and fiscal communication
shape household inflation expectations. D’Acunto, Malmendier, Ospina, and Weber (2021)
show that households’ own grocery-price exposure affects inflation expectations, with positive
price changes receiving more weight than negative price changes. Kuchler and Zafar (2019)
show that personal experiences in housing and labor markets influence beliefs about aggre-
gate outcomes. Weber et al. (2025) study learning in low- and high-inflation environments.
D’Acunto et al. (2024) provide a recent overview of this literature. Our paper is especially
close to recent work on inflation news. Chahrour, Shapiro, and Wilson (2025) study news
selection and household inflation expectations, using the Michigan Survey news questions to
show that exposure to higher-prices news raises inflation expectations whereas exposure to
lower-prices news has little effect. Binder, Frank, and Ryngaert (2025) estimate the causal
effect of television inflation news on household inflation expectations at a daily frequency
and document stronger responses to positive than to negative CPI surprises. These papers
establish that news exposure and news selection matter for household inflation expectations.
We instead use reported price-news tone to measure tone-dependent overreaction through
the individual forecast-error-revision regression, and we also show that the same asymmetry
appears in the second moment of beliefs. By documenting that subjective uncertainty itself
responds asymmetrically to news, we also contribute to research on subjective expectation
uncertainty and household decisions, such as Fermand, Kuhnen, Li, and Ben-David (2024).

Third, our theory is related to the literature applying ambiguity aversion and robust
control to macroeconomic belief formation. The robust-control approach of Hansen and Sar-
gent (2001, 2008) and Hansen, Sargent, Turmuhambetova, and Williams (2006) provides the
relative-entropy apparatus that we use to discipline deviations from the canonical reference
distribution. Macroeconomic applications show how ambiguity aversion can generate pes-
simistic beliefs, confidence fluctuations, and endogenous amplification (Ilut and Schneider,
2014; Tlut and Saijo, 2021; Bhandari, Borovicka, and Ho, 2025). Recent work also links am-
biguity aversion directly to expectation bias, signal sensitivity, and household belief hetero-
geneity (Huo, Pedroni, and Pei, 2024; Michelacci and Paciello, 2024). Most closely, Baqaee
(2020) microfounds asymmetric household inflation expectations with ambiguity aversion,
with households overweighting inflationary news that reduces purchasing power and under-
weighting disinflationary news. Our contribution is to integrate this ambiguity-averse logic
with diagnostic expectations. Rather than applying robustness to the agent’s perceived law
of motion or to signal quality directly, we apply a relative-entropy restriction to the no-news
reference distribution used for diagnostic updating. This yields a tone-dependent diagnostic
posterior and jointly accounts for asymmetric overreaction in point forecasts and asymmetric
subjective uncertainty.

The remainder of the paper is organized as follows. Section 2 documents the two em-
pirical facts that motivate the analysis. Section 3 develops the ambiguity-averse diagnostic-
expectations model. The final section concludes.



2 Empirical motivation

This section presents two empirical facts on household inflation expectations using the Michi-
gan Survey of Consumers and the New York Fed Survey of Consumer Expectations. The
first fact concerns the first moment of household beliefs, and the second concerns the second
moment.

2.1 Data
2.1.1 Michigan Survey of Consumers

We use monthly microdata from the University of Michigan Surveys of Consumers, a nation-
ally representative survey of U.S. households. The survey follows a rotating panel design:
after a first interview, respondents are randomly selected to be re-interviewed six months
later. In more recent years, a small subset of households are interviewed a third time six
months after the re-interview. Our sample spans January 1980 to January 2024.

We focus on inflation expectations because inflation is the only macroeconomic variable
in the Michigan Survey for which households report a numerical forecast. Expectations of
other variables, such as unemployment, interest rates, and business conditions, are recorded
only as directional responses (e.g., “go up,” “stay the same,” “go down”), which are not
suitable for the forecast-error—revision regressions used in this paper.

Inflation expectations are collected in two steps. First, respondents answer “During the
next 12 months, do you think that prices in general will go up, or go down, or stay where
they are now?” (PX1Q1). Second, they report a number to “By about what percent do
you expect prices to go (up/down) on the average, during the next 12 months?” (PX1Q2).
We use the microdata variable PX1 (“Expected Change in Prices During the Next Year”),
which applies the sign implied by PX1Q1 to the numeric response in PX1Q?2.

To characterize respondents’ recent information, we use the question “During the last
few months, have you heard of any favorable or unfavorable changes in business conditions?”
Respondents first answer yes or no. Those answering yes are then asked a follow-up ques-
tion, “What did you hear? (Have you heard of any other favorable or unfavorable changes
in business conditions?)”, and describe in their own words any recent news they have heard.
Each mention is subsequently classified by the survey interviewer according to topic, such
as prices, employment, or government, and favorability, with the first and second mentions
recorded as the microdata variables NEWS1 and NEWS2. If the favorability of a reported
change is not immediately clear, the interviewer is instructed to ask the respondent directly
whether the mentioned change would be favorable or unfavorable, and to record the respon-
dent’s own classification. Reported tone in our analysis therefore reflects the household’s
own assessment of favorability rather than an ex-post coding by the researcher. The news
question is administered before the inflation expectation question, which limits the scope for
reverse priming from previously reported expectations to subsequently reported news. We
pool NEWS1 and NEWS2 in classifying price-news tone: a household is recorded as report-
ing unfavorable price news if either NEWS1 or NEWS2 is coded as unfavorable price-increase
news, and similarly for favorable price news.

We focus on respondents who report a unique price-news tone at the second wave, ex-



cluding the 18 households (0.3 percent of price-news reporters) who report both favorable
and unfavorable news. Within our sample, 74.0 percent of households report unfavorable
price news and 26.0 percent report favorable price news.

The mapping from price-news direction to reported tone is very strong: among households
reporting price-increase news, 96.2 percent classify that news as unfavorable, while among
households reporting price-decrease news, 86.8 percent classify that news as favorable. Given
this strong mapping, we treat price-increase news as unfavorable and price-decrease news as
favorable in the analysis below.

Table 1 reports summary statistics for the Michigan estimation sample, broken down
by the reported tone of price news at the second interview. Unfavorable price news is
considerably more common, with 3,268 of the 4,693 re-interview observations (70 percent)
report unfavorable news, reflecting the well-documented tendency of households to notice
price increases more readily than price decreases. Households reporting unfavorable news
have higher average inflation forecasts (f;; = 4.54) than those reporting favorable news (f;; =
2.44), consistent with the expectation that unfavorable price signals push forecasts upward.
The conditional mean forecast error differs in sign across the two groups. Favorable-news
households exhibit a positive mean forecast error (F E; = 0.45), indicating that their forecasts
were on average too low relative to the realization, while unfavorable-news households exhibit
a negative mean forecast error (FE; = —1.61), indicating forecasts that were on average too
high. The combination of overprediction after unfavorable news and underprediction after
favorable news is suggestive of households overreacting to the tone of recent price news.

Table 1: Summary statistics: Michigan Survey

All Favorable  Unfavorable
Mean SD Mean SD  Mean SD
FR; —0.274.39 —-0.863.85 —0.01 4.58
FE; —0.983.90 0.45 3.08 —1.61 4.06
fi1 3.90 3.71 244 292 454 3.84
Observations 4,693 1,425 3,268

Notes: Subsamples are defined by the reported tone of price news at the second interview: Favorable
denotes households reporting favorable (price-decrease) news; Unfavorable denotes households report-
ing unfavorable (price-increase) news. FR; = f;1 — fio is the forecast revision, FE; = mp,,+12 — fi
is the forecast error, and f;; is the second-interview inflation forecast. All values are in percentage
points.

2.1.2 NY Fed Survey of Consumer Expectations

We use monthly microdata from the Federal Reserve Bank of New York’s Survey of Consumer
Expectations (SCE). The SCE is a nationally representative, internet-based rotating panel
of U.S. household heads. In each month, a fresh cross-section enters and a similar number
exits. Respondents typically remain in the panel for up to twelve months. Our sample spans
July 2013 to December 2024.

Point inflation forecasts are collected in two steps. First, respondents answer “Ower the
next 12 months, do you think that there will be inflation or deflation? (Note: deflation is



the opposite of inflation)” (Q8v2). Second, they report a number to “What do you expect
the rate of [inflation/deflation] to be over the next 12 months? Please give your best guess.”
(Q8v2part2). We use the signed point forecast obtained from these two responses.

Density inflation forecasts are collected by asking respondents “In your view, what would
you say is the percent chance that, over the next 12 months...” the rate of inflation will be
in each of ten bins ranging from 12% or higher deflation to 12% or higher inflation, with the
probabilities summing to 100 percent ((9). The mean and variance of the implied density
are available as the microdata variables Q9_mean and Q9 var.

The SCE complements the Michigan Survey in two ways. First, it provides a longer
monthly household panel, which allows us to absorb respondent fixed effects in the SCE FE-
FR exercise. Second, it collects density forecasts for one-year-ahead inflation, which allows
us to study household subjective uncertainty.

Table 2 reports summary statistics for the SCE estimation samples, broken down by
the sign of the monthly forecast revision. The upper panel reports variables used in the
forecast-error-revision analysis. Downward and upward revisers are roughly balanced in
number (35,925 and 34,459, respectively), with approximately one-third of observations ex-
hibiting zero revisions. As in the Michigan Survey, the conditional mean forecast error is
asymmetric across revision directions. Downward revisers have a mean forecast error close
to zero (FEy = —0.19), while upward revisers exhibit a strongly negative mean forecast er-
ror (FE; = —2.81), indicating systematic overprediction after upward revisions. The lower
panel reports the subjective-uncertainty variables. The conditional mean changes in uncer-
tainty differ in sign across revision directions. AIQR, is negative for downward revisers
(—0.94) and positive for upward revisers (0.46), and the same pattern holds for AVAR;
(—4.39 vs. 1.31). This sign pattern indicates that subjective uncertainty tends to decrease
when households revise their inflation forecasts downward and increase when they revise
upward, suggesting a systematic link between the direction of forecast revisions and changes
in subjective uncertainty.



Table 2: Summary statistics: Survey of Consumer Expectations

Forecast errors and revisions

All Downward Upward
Mean SD  Mean SD Mean SD
FRy —0.09 347 —3.12 3.04 2.97 2.89
FE; —1.31 460 —0.19 3.86 —2.81 4.83
fit 4.05 4.47 2.87 3.60 5.61 4.67
Observations 105,442 35,925 34,459
Subjective uncertainty
All Downward Upward
Mean SD  Mean SD Mean SD
AIQR;; —0.19 298 —0.94 3.45 0.46 3.48
AV AR —1.1820.75 —4.3924.32 1.31 24.71
Observations 108,041 36,610 35,158

Notes: Subsamples are defined by the sign of the monthly forecast revision F R;;: Downward denotes
downward (favorable) revisions (FR;: < 0); Upward denotes upward (unfavorable) revisions (FR;; >
0). Observations with zero revisions are included in the All column but not in either subsample
column. FFE; = w10 — fiy is the forecast error, f;; is the point inflation forecast, AIQR;; and
AV AR;; are the consecutive-month changes in the interquartile range and variance of the household’s
density forecast. The forecast-error sample and the subjective-uncertainty sample differ slightly due
to different trimming and data requirements; the respective sample sizes are reported separately. All
values are in percentage points.

2.1.3 Time-series patterns

Figure 1 plots the time-series evolution of reported price-news tone in the Michigan Survey
alongside measures of the inflation environment. The red bars above the zero line show
the share of re-interview households reporting unfavorable (price-increase) news, and the
blue bars below the zero line show the share reporting favorable (price-decrease) news at
the second interview. The black solid line is realized year-over-year CPI inflation at the
interview date (right axis). The purple dash-dot line is the cross-sectional mean inflation
forecast among Michigan price-news reporters, and the green dashed line is the corresponding
mean forecast from the SCE (available from 2013).

The figure reveals a strong co-movement between reported tone and the inflation cycle.
The share of unfavorable price news rises during episodes of elevated inflation—the early
1980s, the oil-price-driven increases in 2005 and 2008, and the post-pandemic inflation surge
of 2021-2023—and falls during disinflationary periods. Conversely, the share of favorable
price news expands when inflation moderates. This co-movement confirms that the reported
tone of price news reflects the actual price environment rather than idiosyncratic household
sentiment, and motivates our use of reported tone as a proxy for the direction of news that
households process.

Both mean inflation forecasts broadly track realized CPI inflation. The Michigan mean



forecast (purple), computed from the relatively small sample of price-news reporters in the
re-interview panel, is volatile but tracks the cyclical movements of CPI. The SCE mean
forecast (green), based on a much larger monthly cross-section, is considerably smoother
and closely follows the Michigan forecast in the overlap period, suggesting that the two
surveys capture similar expectations dynamics despite their different designs.
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Figure 1: Reported price-news tone, realized CPI inflation, and mean inflation forecasts
Notes: The red (blue) bars show the share of Michigan re-interview households reporting unfavorable
(favorable) price news at the second interview (left axis). The black solid line is year-over-year CPI
inflation at the interview date (right axis). The purple dash-dot line is the mean inflation forecast
among Michigan price-news reporters, and the green dashed line is the mean inflation forecast from
the SCE (available from July 2013). The right axis is centered at 2.5 percentage points.

Figure 2 plots the monthly cross-sectional mean of the two subjective-uncertainty mea-
sures available in the SCE—the interquartile range and the variance of each respondent’s
density forecast—alongside the mean point inflation forecast. Both uncertainty measures
exhibit pronounced time variation. They are low and stable during the pre-pandemic period
of anchored inflation expectations, rise sharply during the post-pandemic inflation surge of
2021-2022, and subsequently decline as inflation moderates. The close co-movement between
subjective uncertainty and the mean inflation forecast is consistent with the view that house-
hold uncertainty about future inflation responds to the same macroeconomic developments
that drive point forecasts. The interquartile range and the variance display nearly identical
cyclical patterns, confirming that both measures capture the same underlying variation in
subjective uncertainty.
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Figure 2: Subjective inflation uncertainty and mean inflation forecast in the SCE
Notes: Panel (a) plots the monthly cross-sectional mean of the interquartile range (IQR;;, blue solid
line, left axis) of each respondent’s density forecast for one-year-ahead inflation. Panel (b) plots the
monthly cross-sectional mean of the variance (V AR;;, blue solid line, left axis). In both panels, the
red dashed line shows the mean point inflation forecast (f;;, right axis). The sample consists of
consecutive-month respondent pairs in the SCE from July 2013 to December 2024.

2.2 Tone dependence in household overreaction

We document tone-dependent overreaction in household inflation expectations using two
complementary surveys. We begin with the Michigan Survey, which directly collects the
reported tone of recent price news, and then turn to the SCE, whose longer per-household
panel allows us to control for household fixed effects. For both surveys, we trim observations
in the extreme 1st and 99th percentiles of the point forecast, the forecast revision, and the
forecast error.

2.2.1 Michigan Survey

Let f;o denote household 7’s inflation forecast at the first interview, and let f;; denote the
corresponding forecast at the second interview. Let m;y and m;; denote the year-month
(e.g., 2010m6) of the first and second interviews, respectively, and let 7, denote the realized
year-over-year inflation rate in month 7, so that m,,, 112 is realized inflation over the twelve
months following the second interview.? The forecast error at the second interview and the
forecast revision between the two interviews are

FE; = Tmy112 — fins FR; = fi — fio-
We label the tone of price news reported at the second interview as

Tone; € {U, F'},

Inflation is measured as the 12-month change in the seasonally adjusted headline CPI (FRED series
CPIAUCSL), used throughout the paper.
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where U stands for unfavorable price news (news suggesting price increases) and F' for
favorable price news (news suggesting price decreases). The corresponding tone indicator is

U; = 1{Tone; = U}.

Every household in the sample reports exactly one of the two tones, so U; equals one for
households reporting unfavorable news and zero for those reporting favorable news.
We begin with a symmetric forecast-error—revision regression that does not distinguish
between tones:
FE; = Ym; Tone; + B FR; + €5, (1)

where V.., Tone; 15 @ second-wave year-month-by-tone fixed effect. A negative § indicates
overreaction on average: a larger revision predicts a forecast error of the opposite sign, so
the revised forecast moves too far in the direction of the revision.

The symmetric specification restricts the FE-FR slope to be common across tones. To
test whether the strength of overreaction depends on the reported tone, we augment the
regression with a tone interaction:

FEZ = Ym;1,Tone; + 51 FR’L + 62 (U’L ’ FRZ) + & (2)

For a household reporting favorable news, U; = 0 and the slope of the forecast error on the
revision is ;. For a household reporting unfavorable news, U; = 1 and the interaction term
adds (s, so the slope is 1 + (2. The coefficient 35 therefore measures how the slope differs
between the two tones. A nonzero (5 indicates that the strength of overreaction depends
on the reported tone, and a negative 5 means that overreaction is stronger for unfavorable
news.

The year-month-by-tone fixed effect vy, Tone; in (1)—(2) plays two roles.® First, it absorbs
any difference in the average forecast error between the two tone groups interviewed in the
same second-wave month. Second, it absorbs a shift in the forecast target that is specific to
the Michigan Survey. In the Michigan Survey, each interview collects inflation forecasts over
the subsequent twelve months, so f;q is the household’s forecast of inflation between m;y and
mio + 12, and f;; is its forecast between m;; and m;; + 12. The revision FR; = f;1 — fio
therefore mixes a revision in expectations with a shift in the forecast target. In the re-
interview sample, respondents are scheduled to be interviewed again six months after the
first interview, so for observations with the scheduled re-interview gap the second-wave year-
month m;; pins down the first-wave year-month m;y = m;; —6, and hence the forecast targets
at both waves. If the rolling-horizon component is largely common across households sharing
the same second-wave year-month and reported tone, this common component is absorbed
by the second-wave year-month-by-tone fixed effect.

Both specifications are estimated with and without household-level demographic controls
(age, household income, sex, number of children and adults in the household, region, marital
status, years of education, and home ownership status). Appendix A reports a complemen-
tary specification with household fixed effects, estimated on the three-wave subsample.

3To avoid notational collision we use v with calendar-month subscripts for the fixed-effect intercepts
throughout the empirical sections. The regression slopes (3, 81, 82 and -, 1,72 introduced later are distin-
guished by the form of their subscripts.
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Table 3 reports the OLS estimates. Standard errors are clustered by second-wave month.
Columns (1) and (2) present the symmetric specification (1). The pooled slope f is negative
and highly significant in both columns, establishing that household inflation expectations
overreact to price news on average.

The symmetric specification, however, restricts the FE-FR slope to be common across
tones. Columns (3) and (4) relax this restriction. The favorable-tone slope (; and the
unfavorable-tone slope 1 4 32 are both negative and statistically significant at the 1 percent
level, but the unfavorable-tone slope is substantially more negative. The pooled slope in
columns (1)—(2) lies between the two tone-specific slopes, reflecting the fact that the sym-
metric specification averages over the stronger overreaction to unfavorable news and the
weaker overreaction to favorable news. The interaction coefficient (5 is negative and statis-
tically significant, confirming that the tone asymmetry is present and robust to the inclusion
of demographic controls.

Table 3: Forecast-error-revision regressions in the Michigan Survey

Symmetric Tone-dependent
1) @) (3) ()
Pooled (3) —0.423%FF  —(.4247%%*
(0.022) (0.022)
Favorable (/) —0.313%F%  —(.309%**
(0.035) (0.036)
Unfavorable (8 + fa2) —0.449%**  —0.451%**
(0.025) (0.025)
Difference (f2) —0.136%**  —(.142%**
(0.040) (0.043)
Demographics No Yes No Yes
Second-wave year-month xtone FE Yes Yes Yes Yes
Observations 4,308 4,308 4,308 4,308

Notes: The dependent variable is the forecast error F'E; = 7,412 — fi1. The estimation sample is
restricted to households who report exactly one price-news tone at the second interview. In columns (1)
and (2), the regressor is the forecast revision F'R; = f;1 — fio and the reported coefficient is the pooled
slope 8 from (1). In columns (3) and (4), the regressors are F'R; and its interaction with the reported-
tone indicator U; = 1{Tone; = U}; the reported coeflicients are the favorable-tone slope 31, the implied
unfavorable-tone slope 81 + 2, and the interaction 85 from (2). All columns absorb the second-wave
year-month-by-tone fixed effect v, Tone;- Demographic controls consist of age, household income,
sex, number of children and adults in the household, region, marital status, years of education, and
home ownership status. Standard errors clustered by second-wave month are reported in parentheses.
Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

2.2.2 SCE

We next examine whether this pattern is also present in the SCE. The longer SCE panel
allows us to absorb permanent forecaster heterogeneity through household fixed effects. We
proxy the direction of news the household has received using the sign of the household’s
monthly forecast revision. An upward revision is interpreted as the household having received
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news in the unfavorable (inflationary) direction, while a downward revision is interpreted as
news in the favorable direction.

Let f;; denote household 7’s 12-month-ahead inflation point forecast reported in month ¢,
so that 7,19, defined as in Section 2.2, is realized inflation over the twelve months following
month ¢. Define the forecast error and the revision between consecutive monthly interviews
as

FEy =m0 — fit, FRy = fir — fi,t—l-

We formalize the sign-based proxy above through the indicator
Uit = 1{FRZ,5 > O},

which plays the same role as the reported-tone indicator U; of the Michigan Survey, equal
to one for upward revisions in the unfavorable direction.*
The estimating equation parallels the Michigan framework. We begin with the symmetric
specification:
FE; = a; + Ftenure(it) + ¢ + B F Ryt + €44, (3)

where «; is a household fixed effect, Kienure(it) is a panel-tenure fixed effect that controls for
systematic shifts associated with the household’s position in the rotating SCE panel, and 7
is a month fixed effect that absorbs aggregate inflation dynamics common to all households
in month £. As in the Michigan specification, a negative  indicates overreaction on average.

To allow the strength of overreaction to differ by revision direction, we augment the
regression with the tone interaction:

FEy = a; + Kenure(it) + T + 51 F Ryt + B2 (Ui - F'Rig) + €41 (4)

The downward (favorable-direction) slope is 1, and the upward (unfavorable-direction) slope
is B1 + B2. As in the Michigan regression, a negative slope indicates overreaction in the cor-
responding direction. The interaction coefficient 3, measures the tone asymmetry: stronger
overreaction to unfavorable news corresponds to [y < 0.

Table 4 reports the OLS estimates with household, panel-tenure, and month fixed effects.
Standard errors are clustered by household to allow for arbitrary serial correlation in e for
the same individual. Column (1) presents the symmetric specification (3). The pooled slope
[ is negative and highly significant, confirming that overreaction to price news is also present
in the SCE.

Column (2) relaxes the symmetry restriction. The downward slope ; and the upward
slope B + 2 are both negative and statistically significant at the 1 percent level, but the
upward slope is substantially more negative. As in the Michigan Survey, the pooled slope
in column (1) lies between the two direction-specific slopes. The interaction coefficient (3,
is negative and statistically significant, replicating the tone asymmetry documented in the
Michigan Survey while additionally absorbing permanent forecaster heterogeneity through
the household fixed effect. Taken together, the Michigan and SCE evidence establishes a
robust empirical target for the theory. We summarize the finding as follows.

4Applying the same sign-based proxy to the Michigan Survey, in place of its reported tone, yields the
same tone asymmetry. See Appendix B.
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Empirical Fact 1 (Tone-dependent overreaction). Household inflation expectations
overreact to inflation news in both directions, but the overreaction to unfavorable news is
significantly stronger than the overreaction to favorable news.

Table 4: Forecast-error-revision regressions in the SCE

Symmetric Tone-dependent
1 @)
Pooled (3) —0.441%**
(0.005)

Favorable (/) —0.252%%*
(0.011)

Unfavorable (8 + f2) —0.642%**
(0.011)

Difference (f2) —0.391%**
(0.021)

Household FE Yes Yes

Panel-tenure FE Yes Yes

Month FE Yes Yes

Observations 103,196 103,196

Notes: The dependent variable is the 12-month-ahead forecast error F E;; = w112 — fiz constructed
from the SCE point forecast. In column (1), the regressor is the monthly revision FRy = fi — fir—1
and the reported coefficient is the pooled slope 8 from (3). In column (2), the regressors are FR;;
and its interaction with the sign-based tone proxy U; = 1{FR;; > 0}; the reported coefficients are
the downward-revision (favorable) slope g1, the implied upward-revision (unfavorable) slope 1 + B2,
and the interaction S from (4). All specifications absorb household, panel-tenure, and month fixed
effects. Standard errors clustered by household are reported in parentheses. Significance levels: ***
p < 0.01, ** p < 0.05, * p <0.10.

2.3 Point-forecast revisions and household subjective uncertainty

The previous subsection studies overreaction in point forecasts. We now turn to the second
moment of beliefs using the density forecasts in the SCE. We examine whether revisions
in households’ inflation point forecasts comove with revisions in their subjective inflation
uncertainty.

The SCE collects a density forecast for year-ahead inflation, from which we construct
two household-level uncertainty measures, the interquartile range IQQR;; and the variance
V AR;;. For each uncertainty measure Y;, € {IQR;;, VAR;}, the dependent variable is the
consecutive-month change

AYy = Yi = Yip 1.

We use the same monthly revision F'R;; and sign-based tone proxy U, as in Section 2.2.2,
and ask whether the change in subjective uncertainty comoves with the revision.
We begin with a symmetric specification that does not distinguish between revision di-
rections:
AYvit = + Ktenure(it) + T+ FRy + Uit (5)
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where «; is a household fixed effect, Kienurei) 15 a panel-tenure fixed effect, and 7, is a
month fixed effect. A positive v means that subjective uncertainty moves in the same
direction as the signed revision: rising when the household revises upward and falling when
it revises downward. Under the canonical diagnostic expectations of Bordalo et al. (2020),
the diagnostic posterior variance is constant and does not respond to news, so the symmetric
specification would predict v = 0.

To allow the strength of the comovement to differ by revision direction, we augment the
regression with the tone interaction, using the absolute revision |F'Ry/|:

AYiy = a; + Kgenure(it)y + Tt + 71 [ F Rie| + 72 (Ui - |[F Rig) + wig. (6)

These fixed effects absorb the corresponding household-specific, tenure-specific, and month-
specific drifts in subjective uncertainty. The change in subjective uncertainty moves with
the absolute revision at slope 7 for downward (favorable-direction) revisions and 7 + 7, for
upward (unfavorable-direction) revisions. A negative y; means that subjective uncertainty
falls when the household revises its point forecast downward, and a positive v; 4+ 72 means
that subjective uncertainty rises when the household revises upward. Therefore, comove-
ment of subjective uncertainty with the direction of the revision—rising with unfavorable
revisions and falling with favorable revisions—corresponds to 73, < 0 and vy, + 72 > 0. We
trim observations in the extreme 1st and 99th percentiles of the point forecast, the fore-
cast revision, and the current and lagged values of the interquartile range and the variance.
Standard errors are clustered two ways by household and month.

Table 5 reports the estimates. Columns (1) and (2) present the symmetric specifica-
tion (5). The pooled slope 7 is positive and highly significant for both uncertainty measures,
establishing that subjective uncertainty comoves with the signed revision on average. This
finding already departs from the prediction of canonical diagnostic expectations, in which
subjective uncertainty is invariant to news.

Columns (3) and (4) allow the comovement to differ by revision direction. In both
columns, 7, is negative and -y, 45 is positive, with both statistically significant: uncertainty
falls with downward (favorable) revisions and rises with upward (unfavorable) revisions.
The comovement documented by the symmetric specification is therefore not driven by one
direction alone but holds in both directions separately. We summarize the finding as follows.

Empirical Fact 2 (Comovement of point-forecast revisions and subjective un-
certainty). Upward revisions in households’ inflation point forecasts are associated with
increases in subjective inflation uncertainty, whereas downward revisions are associated with
decreases in subjective uncertainty.

Together, Empirical Fact 1 and Empirical Fact 2 constitute the empirical target that the
theoretical model developed in the next section is designed to rationalize.
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Table 5: Point-forecast revisions and subjective uncertainty in the SCE

Symmetric Tone-dependent
(1) (2) (3) (4)
AIQR; AVAR; AIQR; AV AR
Pooled (7) 0.339%#% 1. 727%%*
(0.009) (0.064)
Favorable (1) —0.365%+* —1.902%%*
(0.010) (0.074)
Unfavorable (71 + 72) 0.313%%% 1.546%**
(0.013) (0.094)
Household FE Yes Yes Yes Yes
Panel-tenure FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes
Observations 105,965 105,965 105,965 105,965

Notes: The dependent variable is the consecutive-month change in the interquartile range (AIQR;,
columns 1 and 3) or the variance (AV AR;;, columns 2 and 4) of the household’s year-ahead inflation
density forecast. In columns (1) and (2), the regressor is the signed monthly revision FR;; = fir— fi1—1
and the reported coefficient is the pooled slope 7 from (5). In columns (3) and (4), the regressors are
the absolute revision |F'R;;| and its interaction with the sign-based tone proxy Uy = 1{FR; > 0};
the reported coefficients are the favorable (downward-revision) slope ; and the implied unfavorable
(upward-revision) slope 71 + v2 from (6). All specifications use SCE survey weights and absorb
household, panel-tenure, and month fixed effects. Standard errors clustered two ways by household
and month are reported in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

3 An Ambiguity-Averse Diagnostic-Expectations Model

This section develops an expectation-formation model designed to generate the two empir-
ical asymmetries documented in Section 2, tone-dependent overreaction in point forecasts
(Fact 1) and tone-dependent responses of subjective uncertainty (Fact 2), within a single, par-
simonious belief-formation mechanism. The model combines diagnostic expectations with
an ambiguity-driven, tone-dependent choice of the reference distribution used to evaluate
news.

In diagnostic expectations, the strength of overreaction is governed by representativeness,
which in turn depends on a “no-news” reference distribution that appears in the denominator
of the representativeness ratio. In the standard formulation, this reference distribution is
fixed ex ante and is independent of the news received. Our key departure is to make this
reference distribution endogenous to the realized news tone. Households are ambiguous about
the appropriate reference distribution and, conditional on the tone of the realized signal,
select the reference distribution that is worst for them, in the spirit of robust decision-
making under model uncertainty. This single departure delivers both empirical asymmetries
jointly.

The mechanism can be summarized in plain words. When the realized signal is un-
favorable, the household selects, among the reference distributions it cannot statistically
distinguish from a benchmark, the one under which the same signal is most surprising, that
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is, the tightest reference dispersion. A tighter reference distribution scales up the representa-
tiveness ratio and therefore amplifies the diagnostic distortion of beliefs. This generates two
simultaneous effects, namely a larger upward revision in the point forecast (the first-moment
asymmetry of Fact 1) and a higher subjective uncertainty around that revised forecast (the
second-moment asymmetry of Fact 2). When the realized signal is instead favorable, the
worst-case reference distribution is the loosest one within the ambiguity set, so the diagnostic
distortion is correspondingly muted, generating both a smaller point-forecast revision and a
lower subjective uncertainty.

Section 3.1 briefly reviews diagnostic expectations. Section 3.2 introduces the general
ambiguity-averse formulation. Section 3.3 specializes the framework to a linear-Gaussian
state-space environment and derives a diagnostic Kalman filter with ambiguous reference
dispersion. Section 3.4 establishes the two main implications. Proposition 3.7 delivers
tone-dependent overreaction in FE-FR slopes (the theoretical counterpart of Fact 1), and
Proposition 3.8 delivers tone-dependent subjective uncertainty (the theoretical counterpart
of Fact 2).

3.1 Diagnostic expectations: a brief review

Let x; denote a latent state capturing the persistent component of the forecast object.
We normalize z; so that higher values correspond to worse outcomes from the forecaster’s
perspective. Under this normalization, upward innovations in x; are “unfavorable” news,
whereas downward innovations are “favorable” news. The state evolves according to an
AR(1) process,

Ty = pri_q + Uy, u ~N(0,02), pe(=1,1). (7)

Household 7 observes a noisy signal
si=ate, g~ N(0,00), (8)

with & i.i.d. across ¢ and ¢, and independent of u;. Let S! denote household 4’s information
set at 7.

Under Bayesian updating, household i forms the posterior density f(z; | S}), which serves
as the undistorted starting point for the diagnostic-expectations framework. Diagnostic
expectations distort this Bayesian posterior by overweighting states that become relatively
more likely after the news, where the increase in likelihood is measured against a “no-
news” reference distribution. Following the diagnostic-expectations approach, we define this
reference distribution as the posterior the household would form upon observing a no-news
signal, i.e., a signal equal to the Bayesian prior mean. Let :Eiltil be the Bayesian prior mean
at t and set

J?ref(m | SZA) = f(x | Stifl U {xi|t71}) .
Representativeness is the likelihood ratio
fz | S7)

) = e sy
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Given a parameter 6 > 0, the diagnostic density is
i i o
B f(z|S)) (Rt(x))
= : . —
J [z | S (Ri()) dz

When 6 > 0, the posterior overweights the representative states, inducing overreaction rela-
tive to Bayes in the direction of the surprise.

flx | S))

(10)

3.2 Set of admissible reference distributions: general setup

We now formalize the ambiguity-averse departure outlined in the section introduction. For-
mally, we allow the reference density to vary within a family indexed by w € €:

fref(a | Siogsw).
Given this reference distribution, define representativeness and diagnostic beliefs as
@] S) (R (v))
- : : —
J [ | Sh) (R () de

To discipline the ambiguity set in a way consistent with the idea that the data may not
pin down a unique reference benchmark, we impose a robust-control style relative-entropy
restriction, following Hansen and Sargent (2001, 2008). For two densities g and p, let

f(z S} 9
P @ ST pw)

Ry (x) = fx | Sisw)

g(x)
Dy, (9]||lp E/gx log =—= dx
(o) = [ o(e)1og 5
denote the Kullback-Leibler divergence (hereafter, KL divergence). For a radius § > 0,
the set of admissible reference distributions consists of those that are statistically hard to
distinguish from f™f(- | S¢ ), in the sense that

0) ={we Qs D | Sipw) [ /(] 5)) <6} (11)

Let v} € {U, F'} denote the tone of the realized signal at date ¢ for household 4, where U
represents unfavorable news (e.g., an upward inflation surprise) and F' represents favorable
news (e.g., a downward inflation surprise). Formally, v} is determined by the realized signal
st; in the Gaussian illustration below, it is given by the sign of the innovation. Conditional
on the realized signal, the household selects the reference distribution that is worst for it
within Q¢(§). Since higher values of z; are undesirable under our normalization, we model
this worst-case selection as choosing the w that maximizes the expected state under the
resulting diagnostic density:

w*(SH) € arg max  E o i [Te]. 12
¢ (St) gwegg(a) FO(1S% )[ i) (12)

Beliefs used for forecasting are therefore
fo(x | Sg; () (13)
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The set Q:(d) does not depend on the news tone, but the worst-case choice w;*(S}) does,
through its dependence on the diagnostic density. In the Gaussian illustration of the next
subsection, w!*(S?) depends on S} only through the tone v}, so we write the optimizer as
wi*(v!) in that special case.

Before turning to the Gaussian illustration, we note that both # and d must be positive
for any tone asymmetry to arise.

Remark 3.1 (Ambiguity is irrelevant without diagnostic distortions). If § = 0, then R} ()’ =
1 for every w € Qi(6), so f(x | Shw) = f(x | SY) for every admissible w. Consequently,
the maximization in (12) is immaterial and (13) equals the Bayesian posterior. Both 6 > 0
(diagnostic distortions) and § > 0 (ambiguity about the reference) are therefore required for
the tone asymmetries derived below.

3.3 Gaussian illustration: amplified Kalman filter with ambiguous
reference dispersion

To illustrate the implications of this framework, we derive the diagnostic updating rule in
the linear-Gaussian state-space model and show how ambiguity over the dispersion of the
reference distribution generates an asymmetric degree of overreaction to unfavorable and
favorable news.
Let
x?tlt—l = Elz, [ Si_4], tz|t—1 = Var(z; | S;_4)

denote the Bayesian prior mean and variance. Define the Kalman gain and innovation as

Ki _ Pti|t—1
[ PZ

S5 & =S Ty (14)
fe—1 T o? |

Bayesian updating yields
xiu = xi|t—1 + K &, ti|t = (1-K}) ti|t—17 Pti—i—l\t = p213ti|t + 03- (15)

In the linear-Gaussian case, as shown by Bordalo et al. (2020), the standard diagnostic-
expectations operator implies a scaled Kalman update. The innovation is amplified symmet-
rically by a factor (1 + 6),

0.i i i gi
Tyjp = Ty + (1 0) K& (16)

We now bring the relative-entropy ambiguity set (11) into the linear-Gaussian illustration
by characterizing the benchmark (no-news) reference distribution and then imposing the KL-
ball restriction within a Gaussian reference distribution.

Lemma 3.2 (No-news benchmark reference in the linear-Gaussian model). In the linear-
Gaussian model, the no-news reference density f*' defined in Section 3.1 satisfies

fref(33 | 5221) = N(xi\tflv Ptﬂt)'
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Proof. Under “no news,” the signal equals the Bayesian prior mean, s! = xt|t 1» so the

innovation is & = s! —xi‘t 1 = 0. By the Kalman update (15), this implies 351;|t y,_1, While
the posterior variance is P, Since the linear-Gaussian model yields a normal posterior, the

resulting no-news posterior density is N (z! Ty Pt|t). By definition of the no-news reference

density, this is f*f(z | S¢_,). O

A naive reading of the no-news condition & = 0 might suggest that the reference variance
should equal the prior variance Ptﬁt , Tather than the posterior variance Ptﬁt Lemma 3.2
clarifies why this intuition is incorrect. The reference distribution is the posterior obtained
after Bayesian updating on the prior-mean signal, not the prior itself. Intuitively, even a
signal that turns out to coincide with the prior mean is still informative in the sense that
the household ex ante did not know whether it would coincide. Observing this realized
null surprise sharpens the posterior relative to the prior. The no-news reference variance
therefore equals the post-update variance Pl|

We next restrict the set of admissible reference distributions to Gaussian candidates
that share the benchmark mean SL’t| ., but have potentially different dispersion. The mean
restriction is natural. Since the no-news benchmark mean is pinned down by the absence of
innovation about x;, ambiguity should apply not to the mean but to the dispersion of the
reference distribution, which governs how surprising a given signal is relative to the no-news
scenario. Write these candidates as
refﬂ(x) = N(xi\tflv n tl\t)v n > 0.

t7’r]

In this Gaussian restriction, the general index w from Section 3.2 reduces to the scalar
dispersion-scale parameter 7. The case n = 1 coincides with the benchmark (no-news)
reference in Lemma 3.2. The case n < 1 implies a tighter reference-distribution dispersion
and 1 > 1 implies a looser one. The relative-entropy bound then yields a simple interval for
the admissible dispersion parameter.

Proposition 3.3 (Relative-entropy ambiguity over Gaussian references). Fiz household i
and date t, and take the benchmark reference density to be f*i(x | Si_|) = N(a:atfl,Pf‘t).

Forn >0, let fre“( ) = N(zj,_,nP,). Then
ref,i|| rre % 1
Dicw (i 171 SL0)) = 5(n—1 = logn).
Consequently, the KL-ball restriction DKL(fre“ |freE(- | Siy)) <0 is equivalent to

1 € [1(8),m(5)],

where 1(8) < 1 <7(0) are the unique two solutions to §(n—1—1logn) = & when 6 >0 (and
1(0) =7(0) = 1).

Proof. Fix ¢ and t, and abbreviate yu = a:i| . and P = Ptl‘ ;- The benchmark density is

rre i _ 1 (.I'—[I,)2
Pt 8t) = s e (U2,
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and the candidate density is

e exp(—M) |

Therefore,

fro (@) 1 (x—p? (z—p? 1 (x — p)? 1
Feir| Sy 28" Top T 2p 2 81T P 7

log

ref,i

Taking expectations under f,** and using E fref,i[(x — )% = nP yields
t,n

, 1 1 1
D (70| 87 )) = =21 —(1==)nP==(n—1—1logn).
(£ 1711 SL) ogn+2p( 77)77 5(n—1—log)

To establish the interval characterization, define g(n) =n — 1 —logn for n > 0. Then

/ ]' " ]'
g'(n) =1 PR (1) = >0,
so g is strictly convex on (0, c0) with unique minimizer at n = 1, where g(1) = 0. Moreover,
g(n) — oo asn ] 0 and as n T oo. Hence, for any § > 0, the equation ¢g(n) = 24 has exactly
two solutions, one in (0, 1) and one in (1, oo)7 denote them by 7(d) and 77(0). Strict convexity
implies that the sublevel set {n > 0: ¢(n) < 20} is the closed interval [1(d),7(d)]. When
0 = 0, the sublevel set reduces to {1}, so n(0) =7(0) = 1. - O

Motivated by Proposition 3.3, for notational simplicity we suppress the dependence of n
and 77 on ¢ and interpret [n,7] as [(5),7(9)] for some radius §. Accordingly, we parameterize
the family of admissible Gaussian reference densities by 7 as

ftr,’iy“( | SZ 1) N(xﬂt 15 nPt\t) ne [Qaﬁ] (17)

That is, the admissible reference distributions correspond to Gaussian “no-news” benchmarks
that share the same mean a:ﬂt , but differ in dispersion through the scaling parameter 7.

The next corollary records how this construction relates to the standard diagnostic-
expectations specification of Bordalo et al. (2018, 2020). It corresponds to the special case
0 = 0 in our framework, providing a natural benchmark against which the tone asymmetries
derived below can be compared.

Corollary 3.4 (Nesting standard diagnostic expectations). If § = 0, then n =71 = 1 and
the set of admissible reference distributions collapses to a single benchmark density f*f. The
ambiguity-averse diagnostic density (13) then coincides with the canonical diagnostic density.
Hence 6 > 0 is necessary for any tone asymmetry to arise in the linear-Gaussian model.

Proof. By Proposition 3.3, 0 = 0 implies 1(0) = 7(0) = 1, so n € [n,7] reduces to {1}.
With 7 = 1, the candidate density (17) equals the benchmark f(z | S¢ ;) of Lemma 3.2,
so the representativeness ratio (9) and the resulting diagnostic density (10) reduce to their
standard form. O
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To prepare for the worst-case selection over the set of admissible reference distribu-
tions, we express the representativeness ratio and the diagnostic density as functions of the
dispersion-scale parameter 7. Let

z fla|S) T f(x | S} (R, (x))’
tnx = Trefi ; ’ f x St? = B .7 .
ol?) i ] Siy) @ 5:m) [ f@|Si) (R, (x)) do

The next proposition characterizes this diagnostic density in closed form. The key obser-
vation is that, in the linear-Gaussian environment, the diagnostic belief remains Gaussian,
so it is fully summarized by its mean and variance. Both are explicit functions of the
reference-dispersion parameter 7, which allows us to study how worst-case selection of n
shapes households’ beliefs.

Proposition 3.5 (Diagnostic Kalman filter with ambiguous reference dispersion). Assume
14+60—0/n>0 (equivalently, n > 0/(1 +0)). Then

(x| Siim) = Mafii (), P (),

where i
poi _ t|t 1
[t (n) —1+9_9/77’ (18)
an 0.i i i i _ 4
Ly (n) = Ty + A(n) (xt\t - xt\t71)7 An) = m (19)
Equivalently, A ' o
i) = 2y + (14 M) K & (20)

The standard diagnostic update (16) is nested. When n =1, A(1) = 6.

Proof. By construction, the Bayesian posterior density is f(z | S{) = N (:L‘iﬁ, Pti‘ ;) and the

reference density is tr‘ff’(x | S ) =N (xi”_l,nPtﬁt). Using (10) with the representativeness

ratio built from £ the diagnostic density satisfies

tn

. 0

. , gi , . o

P | Sim) o flz | S) (%) — f | S | Sy)
t,n t—1

Let u = xi‘ o Ho = x§| .1, and P = P! . Plugging in the Gaussian densities gives

tlt:

i 1+6 0
g £/ | Sfm) = const — 2o = o+ 5 = )’

Expanding the squares and collecting terms yields

; 1
log f%(z | S¥;n) = const — 2P (1460 —0/na”—2((1+0)u— (0/n)po)z + COl’lStI}
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The leading coefficient is negative if and only if 1 + 6 — 6/n > 0, which is the integrability
condition in the statement. Let A=1+60 —60/nand B = (1 + 0)u — (6/n)po. Completing

the square gives
. A B\’
fe(x | S;;m) o< exp <_ﬁ (x - Z) ) ,

so fo(x | Si;n) = N(B/A, P/A). This implies

6,i _ P _ Ptilt
P =3 = T59—a/m
Moreover,
i = B = (L+0)p— (0/m)po _ n(1+6)u — Opo
ft A 14+60—0/n n(l+60)—6 °

Define A(n) = 6/(n(1+6) — §). Then

(n(L+0) — )+ 0(p — po) _ (1 +6)p — bpg
n(l+6)—0 n(l+6)—6

A+ ) (1 — o) =

which shows xf{f(n) =y, + M) (2}, — 7},_,). Finally, substituting x}, — 2}, | = K from
(15) yields (20). O

3.4 Model implications for overreaction and subjective uncertainty

Equipped with the diagnostic Kalman filter under ambiguous reference dispersion, we now
derive the implications that correspond to the two empirical exercises in Section 2. The first
implication concerns the FE-FR regressions in Section 2.2. The model generates stronger
overreaction after unfavorable news than after favorable news. The second implication con-
cerns the SCE uncertainty regressions in Section 2.3. The model generates a rise in subjective
uncertainty after unfavorable news and a fall after favorable news.

In the Gaussian environment, the realized news tone v; € {U, F'} introduced in Section 3.2
is determined by the sign of the Bayesian innovation:

vi=U < &>0 and v =F < ¢ <0.
The function A(n) is strictly decreasing for 6 > 0,
(146
N = ——20H0 g (21)
(n(1+6)—9)

and therefore the effect of changing the reference dispersion depends on the sign of the
innovation. Differentiating (19) gives

ozl (n)

oy = N (e k) = XK. (22)
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If & > 0, increasing 7 lowers :vf(ti(n); if £ < 0, increasing 7 raises xf{f(n), making the diag-

nostic revision less negative. Under ambiguity aversion, households choose 1 to maximize
the expected, and thus worst-case, state. Intuitively, after unfavorable news (£ > 0), the
household selects the tightest admissible reference dispersion 7, which scales up the rep-
resentativeness ratio and amplifies the diagnostic upward revision. After favorable news
(&1 < 0), the household selects the loosest admissible reference dispersion 77, which dampens
the diagnostic downward revision. The next proposition states this formally.

Proposition 3.6 (Worst-case reference dispersion is tone dependent). Assume 6 > 0 and
1+60—0/n>0, and let the ambiguity set be n € [n,7]. Under maz—min reference selection,

(V) € arg max zyi(n),
n€n,m

the worst-case choice satisfies
nU)=n, 0 (F)=T.
Consequently, the effective amplification terms satisfy

Yo = An) > A(@) = v > 0.

Proof. Since X (n) < 0, equation (22) implies that xfl’;

and increasing in n when & < 0. Therefore, when v; = U the maximizer is = 7, and
when v/ = F the maximizer is 7 = 7. The inequality ¢y > ¥ follows from 1 < 7 and
monotonicity of X. Finally, » > 0 because A(n) = 0/(n(1 + ) — ) is nonnegative on the
admissible set under the integrability condition in Proposition 3.5. [

(n) is decreasing in n when & > 0

Propositions 3.5-3.6 deliver tone-dependent diagnostic amplification. By (20), the diag-
nostic posterior mean under the worst-case reference distribution satisfies

AAG, i 0yl v i i i i
Lyl (1) = $t|t<nt (Vt)) = Tyy—1 + (1 + 7/Ju;')Kt &t Yy >p 20,

where the superscript “AA” denotes the ambiguity-averse selection of the reference. The
amplification factor 1,; governs how much the diagnostic forecast overshoots the Bayesian
update, and therefore how much of the resulting forecast error is predictable from the revision
itself. The next proposition translates this amplification into the FE-FR slope estimated in
Section 2.2.

Proposition 3.7 (Tone-dependent overreaction in FE-FR regressions). Let u% = K! ¢!
denote the Bayesian update in tone state v € {U, F'}, so that by (20) the diagnostic forecast
Tevision 18

FRY, = (1 + 4, )ul}.
Suppose the realization equals the Bayesian forecast plus an innovation e, orthogonal to
the Bayesian update, Cov(el,,u,) = 0. Then the population coefficient in a tone-specific
forecast-error—revision regression is

Yy
L+4,

/BI/:_
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Hence, Yy > Y > 0 implies
Bu < Br < 0.

In the standard-DE benchmark, 5 = 0 implies 1 =7 = 1 and hence ¢y = yp = 0. Therefore,

0

BU:/BF:_mJ

so standard DE generates symmetric overreaction but not tone-dependent FE-FR slopes.

Proof. Relative to the Bayesian forecast, the diagnostic forecast overshoots by ¢, uY,. There-
fore the forecast error is

FE; = e, —,uj,.
Using FRY, = (1 + ¢, )ul, and Cov(el, u?) =0,

Cov(FEY, FRY) _ Covlel, — duty, (L+ b)) 4,
Var(FRY,) Var((1 4+ ¢, )uf,) 1+,

The function x — —x/(1 + z) is strictly decreasing for x > 0, so ¥y > p > 0 implies
Bu < Br < 0. For the standard-DE statement, Corollary 3.4 gives n =7 = 1 when § = 0.
Substituting this into the amplification term yields ¥y = ¥ = 6, and the equality of the
two slopes follows immediately from the formula for 3,. O

Proposition 3.7 is the model’s direct counterpart to the tone-specific FE-FR regressions
in Section 2.2. It shows that the tighter worst-case reference distribution after unfavorable
news generates a more negative FE-FR slope in that direction, Sy < Bp, which corresponds
to a negative interaction coefficient f < 0 in regression (2). The standard-DE benchmark
nests the symmetric case. It preserves overreaction when 6 > 0, but it cannot generate a
difference between the two tone-specific slopes.

To derive the second-moment implication needed for the SCE uncertainty exercise, define
the ambiguity-averse posterior variance by

PN () = P 04)).

e tt
From (18), N
OP,"(n) P
A i S<0  (6>0), (23)
on n?(1+6—0/n)

so the diagnostic posterior variance is strictly decreasing in the reference-dispersion param-
eter 7. Combining (23) with Proposition 3.6 yields the next proposition.

Proposition 3.8 (Reference-relative subjective uncertainty). Assume 6 > 0 and 1+ 6 —
0/n > 0. Under the ambiguity set n € [1,7] and worst-case reference selection,
Pti\t

T 110-0/7

P .
t)¢t PAA,%(F)

pAA _
() 1—1—9—9/@7 £t

tt

and therefore

PAA,i (U) > PAA,'i (F) .

t)t t)t
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Ifn <1<, then

Py (U) > P, > P (F).

t)t tt

Equivalently, conditional on the Bayesian posterior variance Ptilt, the reference-relative un-
certainty deviation
A, :
Vit = Pt\t 7l(ytz) - Ptl\t

18 a weakly increasing step function of the reference-relative diagnostic mean deviation

_ AAi/ g )
dy = Ly (v) — Lijg—1-

In the standard-DE benchmark, 6 = 0 implies n = 1 in both tone states, so

AA,i _ pAA _ pi
Py (U) = By (F) = By
Thus the reference-relative uncertainty deviation vy is identically zero under standard DFE,
and the subjective-uncertainty asymmetry in this proposition disappears.

Proof By (23), Pg;"(n) is strictly decreasing in 1 for § > 0. Proposition 3.6 implies n;*(U) = n
and n;*(F') = 77, with n < 7. Substituting these choices into (18) gives the stated formulas and

the ordering ]%ﬁA’i(U) > ﬂﬁA’i(F). Since P;T;i(l) = Pti‘t7 the comparison with the Bayesian
benchmark follows from 1 < 1 < 7. For the final statement, note that d;; > 0 if and only if
vi = U, while d;; < 0 if and only if v/ = F. Under n < 1 < 7, the corresponding uncertainty
deviations satisfy v, > 0 in state U and vy < 0 in state F. Thus, conditional on Pti| 4 Vit 1S a
weakly increasing step function of d;;. For the standard-DE benchmark, Corollary 3.4 implies
that the ambiguity set collapses to n = 1. Substituting n = 1 into (18) gives PN = Piin

tlt t|¢
both tone states, so v; = 0.

Proposition 3.8 compares the diagnostic posterior in tone states U and F' relative to the
no-news Bayesian benchmark. The SCE regression in Section 2.3, by contrast, uses survey-to-
survey revisions of subjective uncertainty rather than deviations from a benchmark. The next
proposition translates the result above into an implication for these net revisions, providing
the form that can be confronted with the data.

Proposition 3.9 (Net mean revisions and subjective uncertainty revisions). Let

— AAG g i
dy = Tyt (vf) — Lijg—1

be the reference-relative diagnostic deviation of the posterior mean, and let

_ pAAjig i i
Vit = Pt\t () — t|t

be the reference-relative deviation of subjective uncertainty. Suppose that, after conditioning

on the Bayesian posterior variance scale, vy = g(dy) for a weakly increasing function g.

Then

(dit — dip—1) (vt — vig—1) > 0.

In particular,
dip —diz—1 >0 = vy — v >0,
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and
dip —dip—1 <0 = vy —v,1 <0.

In the standard-DE benchmark, vy = 0 for all i,t. Hence vy — viy—1 = 0 regardless of the
sign of dyy — d; 41, so the net-revision implication for subjective uncertainty is absent under
standard DE.

Proof. Since ¢ is weakly increasing, dy > d;;—1 implies g(dit) > g(di+—1), and hence v —
viy—1 > 0. The case d;; < d;;—1 is analogous and gives v; — v;;—1 < 0. Multiplying
the two differences yields the stated inequality. The standard-DE statement follows from
Corollary 3.4 and (18): when 6 = 0, the ambiguity set collapses to n = 1, so v;; = 0 in every
period and the change in reference-relative uncertainty is identically zero. ]

We now bridge this theoretical result to the empirical specification of Section 2.3. We

map the reported point forecast and density-implied uncertainty measure to model objects
by fi = a:f‘tAZ(VZ) and Y, = P;ﬁA’i(yt"), identifying the household’s reported beliefs with
the diagnostic posterior under the worst-case reference dispersion. Under this identifica-
tion, the reference-relative deviations d;; and v;; defined in Proposition 3.9 are not directly
observed. The reported point forecast and uncertainty measure mix these reference-relative
deviations with predictable trends in the underlying reference values themselves. Decompose

the consecutive-month change in the reported uncertainty measure as

Yie —Yii1 = Pti\t — ‘Pti—1|t—1 +(Uit — Uz‘,t—l),
—_———
Hy
where H) is the reference-uncertainty drift. The empirical specification in Section 2.3 uses
the absolute revision |FR;| interacted with the sign-based tone proxy U, together with
household, panel-tenure, and month fixed effects. These fixed effects absorb the household-

specific, tenure-specific, and month-specific drifts in H) . Similarly, decompose the survey-
to-survey revision in the reported point forecast as

i i
Jit = Jit—1 = Typ1 — Ty_qjo +(die — dip—1),
N -

g
m
H?’,t

where H]}' is the reference-mean drift. Strictly speaking, the raw revision F'R;; also contains
H?, so it does not isolate the reference-relative net revision d;; — d; ;—1 that Proposition 3.9
directly concerns. Appendix C addresses this concern with a specification that removes H}'
from the regressor by residualizing F'R;; against the fixed effects, and confirms that the
comovement is unchanged.

Proposition 3.9 predicts that subjective uncertainty falls with downward (favorable) re-
visions and rises with upward (unfavorable) revisions,

7 <0, 7 +72 >0,

which is the pattern reported in Table 5. The standard-DE benchmark cannot generate
this prediction. In that case, the model has no reference-relative uncertainty deviation in
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the Gaussian specification, so the SCE net-revision implication for subjective uncertainty is
absent.

We close the section with a comparative-statics result that ties the two empirical asym-
metries to a single primitive, the ambiguity radius 6. Since § governs how much room the
household has to entertain alternative reference distributions, it also pins down the size of
the tone-dependent reference distortion documented above.

Proposition 3.10 (Comparative statics in the ambiguity radius). Assume 6 > 0 and 1 +
0 —0/n(6) > 0. The tone-dependent amplification gap and the reference-relative uncertainty
gap are monotone in the ambiguity radius §: as § increases,
AA,i AAig o,
Yy (0) — Y (9d) and Py (U;9) — Py (F;0)
are both strictly increasing. In particular, § = 0 implies no tone asymmetry (Corollary 3.4),

while larger values of & generate larger reference-relative asymmetries in both the first and
the second moment of beliefs.

Proof. Strict convexity of g(n) = n — 1 — logn established in the proof of Proposition 3.3
implies that 7(d) is strictly decreasing and 7j(d) is strictly increasing in ¢, so the interval
[7(8),7(8)] widens strictly with 6. By Proposition 3.6, 9y (5) = A(n(8)) and ¢x(8) = A(7(5)),
and \ is strictly decreasing by (21); hence 1y (6) is strictly increasing and vy (6) is strictly
decreasing in ¢, so their difference is strictly increasing. The argument for the variance
ordering is analogous, using the strict monotonicity of Pgl’f(n) in 7 established by (23) in
place of (21). At § = 0, Corollary 3.4 gives n =7 = 1, so both gaps are exactly zero. O]

4 Conclusion

This paper documents a tone asymmetry in household inflation expectations along two di-
mensions of beliefs, and develops a parsimonious theory in which both arise from a single
behavioral assumption. Using the Michigan Survey and the New York Fed SCE, we find that
household inflation expectations overreact in both directions, with the overreaction signifi-
cantly stronger following unfavorable than following favorable news. Density forecasts from
the SCE reveal that the asymmetry extends to the second moment of beliefs, with subjective
inflation uncertainty rising after upward revisions and falling after downward revisions. To
organize these facts, we extend diagnostic expectations by endogenizing the no-news refer-
ence distribution against which representativeness is evaluated. Households face ambiguity
over the appropriate reference distribution and, conditional on the realized news tone, se-
lect the reference distribution that is worst for them. The same tone-dependent choice of
reference distribution delivers both asymmetries through a single mechanism. The radius
of the ambiguity set parameterizes the strength of both asymmetries, and the model nests
canonical diagnostic expectations at zero radius.

The tone asymmetry we document in household belief formation has the potential to de-
liver new implications for several macroeconomic questions, all of which involve translating
an asymmetric belief response at the household level into asymmetries at the aggregate level.
Since unfavorable price news triggers a more pronounced revision in household expectations,

28



aggregate inflation dynamics that follow symmetric shocks need not remain symmetric, with
potential consequences for inflation persistence and the costs of disinflation. The simulta-
neous rise in subjective inflation uncertainty after unfavorable news, in turn, suggests that
aggregate inflation uncertainty itself responds asymmetrically to news of different tone, which
could feed back into household consumption and saving decisions. Both channels point to an
asymmetric transmission of monetary policy. Disinflationary policy is particularly affected:
monetary tightening conveys favorable inflation news, which moves household expectations
less than unfavorable news would and may raise the cost of disinflation. Pursuing these im-
plications quantitatively requires embedding the ambiguity-averse diagnostic-expectations
mechanism developed here into a general-equilibrium environment, which would discipline
the role of the ambiguity radius alongside other structural parameters. We leave this for
future work.
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A Three-wave households of the Michigan Survey with
household and pair-tone fixed effects

This appendix presents a complementary specification using the subsample of households
observed in three interview waves. Since three waves yield two current-wave revision ob-
servations per household, the specification can additionally include household fixed effects
in the forecast-error-revision regression, while still controlling for the shift in the forecast
target through a pair-tone fixed effect. The three-wave subsample is much smaller than the
main two-wave sample used in Section 2.2, so the estimates here serve as a robustness check
on the sign and ordering of the tone-specific slopes rather than as a primary specification.

For this appendix, we index the three interview waves by s € {1,2,3} and let m;; denote
the calendar month of wave s. Let f;s denote household i’s inflation forecast reported at
wave s, so that m,,, 112, defined as in Section 2.2, is realized inflation over the twelve months
following wave s. Since tone is now reported separately at each interview, we use wave-
specific tone indicators.

Tone;s € {U, F'}, Uis = 1{Tone;s = U}.

The estimation sample restricts attention to wave-s observations for which Tone;s € {U, F'}.
Since a revision requires a previous wave, the regression observations are indexed by s €

{2,3}.

The forecast error at wave s and the revision between consecutive interviews are
FE;, = Tms+12 — fisa FR; = fis - fi,s—l-

Thus a single household contributes one observation at wave s = 2 (the revision between
waves 1 and 2 evaluated under the wave-2 tone) and one observation at wave s = 3 (the
revision between waves 2 and 3 evaluated under the wave-3 tone), provided the wave-2 and
wave-3 tone restriction is satisfied.

The estimation equation parallels the main Michigan specification (2), with an added
household fixed effect:

FEis = Q5 + wmiys,l,mis,Toneis + 61 FR’LS + 52 (Uzs : FR’LS) + Eisy s € {27 3}7 (24>

where «; is a household fixed effect and vy, ;| m;, Tone,;, 18 @ fixed effect that interacts the
previous-interview month, the current-interview month, and the current-wave tone. The
pair-tone fixed effect plays the same role as in Section 2.2. It absorbs the shift in the forecast
target that is common to households who share the same pair of consecutive interview
months and the same current-wave tone. The household fixed effect «; additionally absorbs
permanent forecaster heterogeneity.

The estimation sample is small, with 282 three-wave households contributing 564 wave-2
and wave-3 observations, of which only 69 are favorable-tone observations. As a consequence,
ﬁl is identified from limited variation and is estimated less precisely than ﬁl + ﬁg Table 6
reports the OLS estimates with standard errors clustered by household.

The implied unfavorable-tone slope 1 + (35 is negative and statistically significant at the
1 percent level, with a magnitude close to the OLS estimate in Table 3. The favorable-
tone slope (3 is also negative and significant at the 5 percent level, but estimated with a
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Table 6: Forecast-error-revision regressions in the three-wave subsample of the Michigan
Survey: household and pair-tone fixed effects

(1)

Three-wave households

Favorable (/) —0.268**
(0.117)
Unfavorable (8 + ) —0.454%**
(0.023)
Difference (f2) —0.186
(0.118)
Household FE Yes
Pairxtone FE Yes
Observations 564
Households 282
Favorable-tone observations 69

Notes: The estimation sample is restricted to households observed in three consecutive interview
waves and who report exactly one price-news tone at each wave with a revision observation. The
dependent variable is the forecast error F E;s = y,,,+12 — fis- The regressors are the revision F'R;s =
fis — fis—1 and its interaction with the wave-specific tone indicator U;; = 1{Tone;s = U}. The
reported coefficients are the favorable-tone slope (31, the implied unfavorable-tone slope £ + fa,
and the interaction (2. The specification absorbs household fixed effects and pair-tone fixed effects
Y, o_1,mis, Tone;, that interact the previous-interview month, the current-interview month, and the
current-wave tone. Standard errors clustered by household are reported in parentheses. Significance
levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

substantially wider standard error owing to the small number of favorable-tone observations.
The interaction coefficient (35 is therefore not statistically significant at conventional levels,
although its sign matches the asymmetry documented in the main text. The three-wave
evidence therefore supports the tone asymmetry documented in Section 2.2 in terms of the
sign and ordering of the slopes, with the caveat that statistical precision on the asymmetry
test is constrained by the limited number of favorable-tone observations.
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B A sign-based news proxy in the Michigan Survey

The main specification in Section 2.2 uses the reported price-news tone, which the Michigan
Survey records directly. In the model, the forecast revision f;; — f;o equals the change in the
household’s diagnostic posterior mean and therefore inherits the sign of the news innovation,
so the sign of the revision is a model-consistent proxy for the news direction. This appendix
verifies that the tone asymmetry is also obtained when the news direction is proxied by the
sign of the revision alone, ignoring the reported tone, in the spirit of Aktug and Rezghi
(2025) and paralleling the SCE specification of Section 2.2.2.

We re-estimate the Michigan regression while ignoring the reported tone, replacing the
tone indicator U; with the sign-based proxy UM = 1{FR; > 0} and absorbing a second-
wave year-month fixed effect:

FE; = Y, + 51 FR; + 5 (U . FR;) +¢;.

Table 7 reports the estimates.” The downward (favorable-direction) slope 3; and the upward
(unfavorable-direction) slope f8; + B2 are both negative and statistically significant, and the
upward slope is substantially more negative than the downward slope. The tone asymmetry
documented in Section 2.2 is therefore also present when the news direction is identified from
the sign of the revision alone.

Table 7: Michigan forecast-error-revision regression with a sign-based news proxy

Downward (/1) —0.114%%*
(0.023)
Upward (51 + f2) —0.799***
(0.023)
Demographics Yes
Second-wave year-month FE Yes
Observations 4,489

Notes: The dependent variable is the forecast error FE;, = my,,+12 — fir. The
reported tone is ignored: the regressors are the revision FR; = fi1 — fio and its
interaction with the sign-based proxy U;®" = 1{FR; > 0}, so the upward and
downward slopes are identified from the sign of the revision alone, in the spirit of
Aktug and Rezghi (2025). The reported rows are the downward-revision slope (1
and the upward-revision slope ;1 + 2. The specification absorbs a second-wave year-
month fixed effect and includes demographic controls. Standard errors clustered by
second-wave month are reported in parentheses. Significance levels: *** p < 0.01,
** p <0.05, * p<0.10.

5The corresponding estimates without demographic controls are very similar and are omitted for brevity.
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C Residualized revisions in the SCE uncertainty re-
gression

As established in Section 3.4, Proposition 3.9 predicts a positive comovement between the
reference-relative net revision d;; — d;;—1 and the reference-relative change in subjective un-
certainty v;; — v;;—1. The empirical specification in Section 2.3 regresses the change in
subjective uncertainty on the absolute revision |F'R;| interacted with the sign-based tone
proxy Uy, together with household, panel-tenure, and month fixed effects. As noted there,
F R;; also contains the reference-mean drift H', so it does not isolate the theoretical object
di — d;;—1 that Proposition 3.9 directly concerns. This appendix removes H}' from the re-
gressor by residualizing F'R;; against the same fixed effects, and verifies that the comovement
is unchanged.
Specifically, we decompose

FRit = a; + Ktenure(it) + Tt + /ﬁéz‘t, (25)
and define the sign-based proxy on the residualized revision,
Uy = 1{}:]?“ > 0},
following the same convention as in Section 2.2.2. The estimating equation is
AY = a; + Kenure(it) + Tt + M1 |ﬁzt| + 72 (szt : ‘ﬁzt’) + U, (26)

where @, Ktenure(it), and 7y are household, panel-tenure, and month fixed effects.

Table 8 reports the estimates. Columns (1) and (2) use the change in the interquar-
tile range and the change in the variance, respectively, as the dependent variable. In both
columns, ~; is negative and 7y, + 2 is positive, with both statistically significant: subjective
uncertainty falls with downward (favorable) residualized revisions and rises with upward
(unfavorable) ones, confirming the positive comovement predicted by Proposition 3.9. The
estimates are quantitatively almost identical to those obtained with the raw revision in Sec-
tion 2.3, consistent with the absence of substantial bias from reference-mean drift components
in this sample.
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Table 8: Point-forecast revisions and subjective uncertainty in the SCE: residualized speci-

fication
(1) (2)
ATQR; AV AR;;
Favorable (1) —0.365%** —1.906%**
(0.010) (0.073)
Unfavorable (v, +72)  0.313%%* 1.547#%%
(0.013) (0.094)
Household FE Yes Yes
Panel-tenure FE Yes Yes
Month FE Yes Yes
Observations 105,965 105,965

Notes: The dependent variable in column (1) is the consecutive-month change
in the interquartile range of the household’s year-ahead inflation density forecast,
AIQR; = IQR;, — IQR;;—1. The dependent variable in column (2) is the cor-
responding change in the variance measure, AVAR;; = VAR;; — VAR, ;1. The
regressors are the absolute residualized revision |F"\J§lt| obtained from (25) and its in-
teraction with the sign-based proxy ﬁit = 1{1?]:3“ > 0}. The reported coefficients are
the favorable-direction slope 7; and the implied unfavorable-direction slope v; + 72,
both obtained from the same regression. All specifications use SCE survey weights
and absorb household, panel-tenure, and month fixed effects. Standard errors clus-
tered two ways by household and month are reported in parentheses. Significance
levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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