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Abstract

Macroeconomics and financial economics have long taken expectations seriously in the-
ory and ignored them in measurement. Both fields rest on canonical assumptions — rational
expectations in macroeconomics, efficient markets in financial economics — that have become
increasingly hard to defend. This dissertation pushes past these benchmarks. Three studies de-
velop disciplined behavioral alternatives grounded in cognition, formalize their implications,
and test them in the data. The first essay extends the canonical decomposition of unexpected
stock returns to allow for biased cash-flow beliefs, and shows that a meaningful share of what
the literature reads as risk premium news is belief-driven rather than risk-driven. The second
essay develops and causally tests a memory-based theory of macroeconomic expectations, es-
tablishing that selective retrieval of past experiences shifts beliefs about the macroeconomy
independently of any change in information. The third essay provides a cognitive micro-
foundation for animal spirits and confidence multipliers, embedding memory-based retrieval
in aggregate demand so that current outcomes cue past experiences that shape expectations
about the future. Collectively, the three chapters of this thesis argue, across very different em-
pirical environments, that the foundational assumptions of rational expectations and efficient

markets are systematically violated in tractable and measurable ways.
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Chapter 1

Belief-Driven Risk Premium News

Chapter Summary

Standard return decompositions attribute much of unexpected stock-market variation to
risk premium news, typically interpreted as revisions in expected future excess returns. I argue
that this interpretation is incomplete. I develop a behavioral extension of the Campbell and
Ammer (1993) decomposition that embeds biased cash-flow beliefs in standard return-news
accounting. When biased optimism about cash flows raises prices, an econometrician who
does not observe the belief distortion can interpret the same price movement as lower future
expected returns. I test this mechanism using target-date-aligned analyst forecast revisions as
news-like measures of subjective cash-flow expectations. Consistent with the model’s predic-
tions, the implied belief-bias news is negatively related to risk premium news, has meaning-
ful scale, and comoves positively with expected returns. The forecast restrictions implied by
the behavioral model are compatible with the data, and the relation survives price-inference,
measurement, adversarial-residual, and cross-sectional tests. I argue that standard return de-
compositions neglect a quantitatively meaningful behavioral component: part of what is con-

ventionally called risk premium news reflects biased cash-flow beliefs that move asset prices.



1.1 Introduction

Why are stock returns predictable, and what does that predictability mean? Standard return
decompositions attribute much of unexpected stock-market variation to revisions in expected
future excess returns. In the conventional interpretation, this object is read as risk premium
news: news about time-varying required compensation for bearing risk. The Campbell and
Shiller (1988) and Campbell and Ammer (1993) frameworks have made this interpretation
central to modern empirical asset pricing, and a robust finding in that literature is that risk
premium news is a dominant component of unexpected returns (Fama 1991; Campbell 1991;

Vuolteenaho 2002; Chen and Zhao 2009).

This paper argues that this interpretation is incomplete. Behavioral theories of asset pric-
ing offer a different mechanism: investors form biased beliefs about future cash flows, and
when those beliefs move prices, subsequent returns can look predictable even without purely
rational variation in required returns. If investors become too optimistic about future cash
flows, prices rise today. A rational econometrician who does not observe the biased belief re-
vision directly sees the same price increase and, through the standard return-news decompo-
sition, infers lower future expected excess returns. The price movement can therefore appear

as risk premium news even though its source is biased cash-flow beliefs.

The paper’s core question is therefore not whether risk premium news exists. It is how
risk premium news should be interpreted once investor beliefs are allowed to depart from
full-information rational expectations. The return decomposition is an accounting identity. It
remains valid whether prices are moved by rational discount-rate variation, biased cash-flow

beliefs, or both. What changes is the economic content of the object that the econometrician



labels risk premium news.

I formalize this idea by developing a behavioral extension of the Campbell and Ammer
(1993) decomposition. The theory uses two expectation operators: one for the rational econo-
metrician who constructs the return-news decomposition, and one for investors whose cash-
flow beliefs may be biased. In the sharp behavioral-pricing benchmark, investors perceive
expected excess returns as constant and revise their beliefs about future cash flows. The ratio-
nal econometrician, who does not directly observe this revision, attributes the resulting price
movement to risk premium news. Thus the benchmark delivers a simple sign restriction: un-

expected cash-flow optimism should appear as negative risk premium news.

The sharp benchmark is useful because it makes the mechanism transparent, but the
paper does not require it to hold exactly. If rational arbitrageurs partially offset behavioral
price pressure, only part of the belief-driven valuation movement remains in prices. Risk
premium news then contains two components: residual rational expected-return news and an
attenuated belief-driven component. The paper’s main claim is therefore a component claim. I
do not argue that all risk premium news is behavioral, or that standard decompositions should
be discarded. I argue that part of what is conventionally called risk premium news can reflect

biased cash-flow beliefs that move asset prices.

To take this idea to the data, I construct target-date-aligned analyst forecast revisions as
proxies for revisions in subjective cash-flow expectations. The target-date alignment is impor-
tant because naive analyst revisions can mechanically compare forecasts for different fiscal
targets. Such horizon rollover can look like belief revision even when expectations about a
fixed future cash-flow object have not changed. The aligned revisions instead compare fore-

casts about the same target date across adjacent months. I construct three market-level behav-



ioral cash-flow news proxies: Composite Belief Revision (CBR), Long-Term Growth (LTG), and
Short-Term Revision (STR). The aligned proxies behave like news-like revision measures: they
are centered near zero, much less persistent than simple horizon-label revisions, and share a

large common component.

I combine these analyst revisions with rational cash-flow news from a vector autoregres-
sion (VAR) return-news system to construct empirical belief-bias news, the difference between
subjective belief revisions and rational cash-flow news. The empirical design asks three ques-
tions. First, does belief-bias news have the sign predicted by the theory? Second, is the belief-
bias object economically meaningful relative to risk premium news? Third, do predictable

returns comove with predictable belief revisions in the way implied by the behavioral model?

The answer to all three questions is yes. Across CBR, LTG, and STR, belief-bias news is
negatively related to rational risk premium news, with correlations near —0.10. The measured
belief-bias object is economically large: its variance is about 0.28-0.34 of the variance of risk
premium news. Forecasts move in the predicted direction as well. Fitted return forecasts and
fitted belief-revision forecasts have positive signed correlations between 0.46 and 0.51. The
corresponding sample forecast-comovement R? is 0.21-0.26, and the population measure is
around 0.30. These magnitudes indicate that the measured belief component has the predicted

sign, meaningful scale, and substantial forecast-side comovement.

The behavioral model also implies forecast restrictions. If predictable expected returns re-
flect predictable revisions in subjective cash-flow beliefs, then the same state variables should
forecast returns and belief revisions with the same 1-step slopes. This restriction is not re-
jected for any of the three belief measures under a null-imposed bootstrap. Direct horizon

tests reproduce the 1-step result and remain compatible with the model at 1-, 2-, and 3-year



horizons. At five years, however, exact cumulative equality rejects sharply. I interpret this
result as an important limit of the sharp benchmark: the short- and medium-horizon forecast
evidence supports the belief-driven channel, while exact long-horizon cumulative equality is

too strong.

The same distinction appears at a sharper level of comparison. The full behavioral bench-
mark implies that risk premium news and the negative of belief-bias news should match each
other exactly in every period, not just on average. That stronger condition fails in the data:
the gap between the two series is economically meaningful. This failure is consistent with the
partial-arbitrage extension of the benchmark. Under partial arbitrage, a nonzero gap reflects
residual rational expected-return news, incomplete pass-through of biased beliefs, rate-belief
components, or proxy error. The gap therefore qualifies the interpretation. It shows that the
evidence supports a belief-driven component inside risk premium news, not a complete be-

havioral relabeling of the entire object.

I then examine several alternative explanations. Measurement error changes how scale
statistics should be read, but it does not naturally generate the consistent sign pattern across
three different analyst proxies. Removing the full contemporaneous price-dividend projection
from the belief proxies leaves the sign, scale, and slope evidence essentially unchanged, so
the result is not driven by analysts mechanically inferring beliefs from current prices through
this channel. Adversarial-residual exercises show that generic orthogonal-residual news must
be several times as volatile as measured risk premium news to erase the baseline relation. A
residual deliberately aligned with the belief proxy can overturn the relation with about 1% of
the variance of risk premium news, which identifies the structured rational alternative that

remains hardest to rule out.



The evidence also appears beyond the aggregate market return. In the 25 Fama and French
(1993) size-by-book-to-market portfolios, 19 portfolios have the predicted negative correla-
tion between aggregate belief-bias news and portfolio-level risk premium news, and none re-
jects the slope restriction under the bootstrap. A decomposition into common belief revisions
and size-weighted reallocation shows how firm-level revisions aggregate into the market-level
proxy. LTG primarily reflects common movements in long-run growth beliefs, STR primarily
reflects size-weighted reallocation of revisions across firms, and CBR combines both chan-
nels. The cross-section therefore adds breadth and mechanism to the aggregate time-series

evidence.

The paper makes four contributions. First, it provides a behavioral reinterpretation of the
risk premium news object in the Campbell and Ammer (1993) decomposition. The contribution
is not a new accounting identity, but a new interpretation of an existing object when omitted
belief wedges move prices. Second, it constructs target-date-aligned analyst belief revisions
and maps them into empirical counterparts of behavioral cash-flow belief-bias news. Third,
it provides evidence that these belief-bias innovations line up with risk premium news in
sign, scale, forecast comovement, and slope restrictions. Fourth, it separates the sharp full-
behavioral benchmark from broader partial-arbitrage interpretations, using matrix wedges,
horizon diagnostics, measurement-error algebra, price-inference tests, adversarial residuals,

and cross-sectional evidence to separate the two readings.

The paper connects to several literatures. The return-news decomposition tradition of
Campbell and Shiller (1988), Campbell and Ammer (1993), and Campbell and Vuolteenaho
(2004) provides the accounting framework that I preserve and reinterpret. The behavioral
asset-pricing literature, beginning with De Long et al. (1990) and Shleifer and Vishny (1997)

and developed in Shleifer (2000), supplies the basic premise: biased beliefs and limited arbitrage



can move prices. [ ask how that premise shows up inside the standard return-news decomposi-
tion. La Porta (1996) and Lakonishok et al. (1994) document long-horizon return predictability
tied to expectation errors; I map that evidence into canonical return-news terms and connect
1-period restrictions to longer-horizon predictability. The empirical analysis builds on the
analyst- and survey-expectations literature (Coibion and Gorodnichenko 2015; Greenwood
and Shleifer 2014; Bordalo et al. 2019; De La O and Myers 2021; Nagel and Xu 2023; Bretscher
et al. 2025; Bordalo et al. 2025c), to which I contribute a Campbellian accounting bridge from
belief revisions to risk premium news, a target-date-aligned revision innovation, and cross-

equation restrictions linking belief revisions to risk premium news.

The rest of the paper proceeds as follows. Section 1.2 develops the theory and derives
the benchmark identity, the partial-arbitrage extension, the forecast restriction, and the ma-
trix and horizon diagnostics. Section 1.3 describes the data, analyst belief proxies, and news
construction. Section 1.4 presents the main time-series evidence on sign, scale, forecast co-
movement, and slope restrictions. Section 1.5 studies the matrix wedge and horizon diagnos-
tics. Section 1.6 evaluates measurement, price-inference, and adversarial-residual concerns.

Section 1.7 presents cross-sectional and mechanism evidence. Section 1.8 concludes.

1.2 Framework for Risk Premium News with Biased Beliefs

Risk premium news is an accounting object. The theory in this section keeps that object fixed
and changes its interpretation. I first define the return-news decomposition used throughout
the paper. I then show that, when investors hold biased cash-flow beliefs, the object a ratio-
nal econometrician calls risk premium news can contain belief-bias news. The section derives

three testable predictions for the empirical analysis: a sign prediction, a forecast-slope restric-



tion, and a stronger long-horizon matrix condition. It also explains why the sharp benchmark

can fail without eliminating the behavioral channel.

1.2.1 Return-News Decomposition

The starting point is the standard log-linear return identity of Campbell and Shiller (1988)
and the return-news decomposition of Campbell and Ammer (1993). Let rz;.; denote the
excess log return, r f; 1 the risk-free rate, and Ad;, dividend growth. Let E,ﬁ’") denote rational
expectations under the econometrician’s information set. The unexpected excess return can
be written as

Tyl _EET)TxtH = Ng})«“,tﬂ - Ngl)w,tﬂ — NJ(%TJ)J,tH- (1.1)

The three terms are rational cash-flow news, risk-free-rate news, and risk premium news.

They are defined as

Ngll,tﬂ = (Egi)l - EET)) ij Adyyi4y,

Jj=>1

N}({;,tﬂ - (Egi)l - EE”) ij T fir144,
Jj=>1

Ng}%tﬂ = (EET—&-)I - Ey@) ij TTt41455
Jj=21

where p is the Campbell-Shiller log-linearization constant.!

This identity is the paper’s accounting backbone. A high unexpected return can reflect

news about future cash flows, news about future risk-free rates, or news about future ex-

! The monthly log-linearization constant is pmonthy = 0.998122 throughout, calibrated from the unconditional
mean of the log dividend-price ratio in the legacy sample. The corresponding annualized value is papnual = 0.978.



pected excess returns. The conventional interpretation treats /V g])gt 41 as discount-rate or

expected-return news. I keep the accounting definition fixed. The paper asks whether this
same expected-return-news object can contain belief-driven valuation movements when prices

are partly set by investors with biased cash-flow expectations.

Two points are important. First, the superscript (r) describes the expectations opera-
tor used to construct the news terms, not necessarily the beliefs that set prices. Second, the
decomposition attributes return innovations using the variables and beliefs included in the
accounting system. If biased cash-flow beliefs move prices but the decomposition does not
model those beliefs directly, part of the belief-driven valuation movement can be attributed
to rational expected-return news. In that sense, the paper studies a structured form of misat-
tribution: the accounting identity remains valid, but the economic interpretation of N }({I)g’t 4

changes.

1.2.2 Behavioral Cash-Flow Belief Bias

The decomposition in equation (1.1) is constructed under the rational expectations operator
EET). I now introduce a second expectations operator, Egb) , which represents the cash-flow

beliefs of behavioral investors. The two operators agree on realized cash flows but can differ

in how they forecast future cash flows before uncertainty is resolved.

Rational cash-flow news is

Nérfl,t+1 = (Egi)l - EE”) ij Adt+1+j-

Jj=1



Behavioral cash-flow news is the analogous revision under behavioral beliefs:

b b b i
Né’})Zt+1 = (Eg-&-)l - Eg )> Zp] Adt-i-l-i-j-

j21

The cash-flow belief-bias news is the difference between these two revisions:

(b (r)
N, CFt+1 CFt+1°

Neri+1 =
This object measures how much more, or less, behavioral investors revise their expected future
cash flows relative to the rational benchmark. If behavioral revisions exceed rational revisions
in the direction of the news, 7cp41 is positive. If they fall short or move in the opposite

direction, it is negative.

The return-news identity depends on innovations from the perspective of the rational
econometrician. I therefore define the rationally unexpected component of the belief-bias

news as

— _ ]E(T)
CCF,t+1 = TNCFt+1 t NCFt+1-

This distinction is important. The level of behavioral optimism that is already predictable at
time ¢ can affect prices, but it is not news at t 4+ 1. The object that enters the unexpected-return

decomposition is the innovation in the behavioral cash-flow wedge, (cp 1.

The empirical analysis uses analyst forecast revisions to proxy for this belief-revision
component. The proxy is not assumed to be perfect. It is useful because it provides an observ-
able measure of revisions in subjective cash-flow expectations, which can then be compared to

the news terms in equation (1.1). Measurement error, incomplete proxying, and nonclassical

10



proxy contamination are addressed in Sections 1.2.9 and 1.6.

1.2.3 Full Behavioral-Pricing Benchmark

The sharp benchmark shows how biased cash-flow beliefs enter risk premium news. Suppose
behavioral investors are marginal in price setting, have correct beliefs about the risk-free-rate
stream, and perceive expected excess returns as constant. Their price revisions therefore re-
flect revisions in expected future cash flows rather than revisions in perceived future expected

returns.

Proposition 1. Under the full behavioral-pricing benchmark, rational risk premium news equals

the negative of unexpected cash-flow belief bias:

NI(QD,tJrl = —CoFt+1- (1.2)

The proof compares two decompositions of the same realized return. Equation (1.1) is
the rational Campbell and Ammer (1993) decomposition, constructed using IE,ET). Under the
benchmark assumptions, the same return is priced by behavioral investors using their cash-

flow beliefs, correct risk-free-rate expectations, and a constant perceived excess return, so

N gl)%t 41 = 0. Equating the rational and behavioral decompositions and isolating N g])%t 41
yields
N(T) - _ ( . E(r) ) _
RPjt+1 NCcFt+1 t TCFt+1 CCF,t+1-

Appendix A.1.2 gives the full algebra; Appendix A.1.3 shows how the belief-bias news 1¢r 41

can be written in terms of the behavioral valuation wedge in the log price-dividend ratio.

11



Proposition 1 preserves the return-news identity and changes the interpretation of one
term. A rational econometrician who omits biased cash-flow beliefs does not see the behavioral
cash-flow wedge directly. Instead, the unexpected component of that wedge appears with the
opposite sign in rational risk premium news. Positive unexpected cash-flow optimism raises
prices today and lowers expected future excess returns from the rational econometrician’s

perspective, generating negative risk premium news.

This benchmark is intentionally sharp. It requires behavioral investors to be fully marginal,
so the belief-driven valuation wedge fully passes through to prices. The next subsection re-
laxes this assumption. If rational arbitrageurs offset part of the belief-driven price pressure,
only a fraction of the behavioral valuation wedge remains in prices. I call this partial arbitrage;

the parameter A\ below measures the surviving, unarbitraged share of the behavioral wedge.

1.2.4 Partial Arbitrage

The full behavioral-pricing benchmark assumes that biased cash-flow beliefs fully pass through
to prices. This is useful for deriving the sharp identity in equation (1.2), but it is stronger than
the paper needs. If rational arbitrageurs absorb part of behavioral demand, the same belief-bias

component can survive in risk premium news with a smaller loading.

Let pd; denote the rational log price-dividend ratio, and let m; denote the wedge in the
log price-dividend ratio implied by biased cash-flow beliefs. I parameterize partial arbitrage
as

pd} = pdf + Amy, 0<A<1.

The parameter A\ measures the surviving share of the behavioral valuation wedge. When

12



A = 1, biased beliefs fully affect prices, giving the full behavioral benchmark. When A = 0,
arbitrage fully removes the wedge from prices, giving the rational benchmark. Intermediate

values 0 < A < 1 represent partial arbitrage.

Proposition 2. Under partial arbitrage,

A o ,
NRIZ,tH = NE;’,t+1 — ACCFt+1- (1.3)

Here N}, is the rational risk premium news component that would arise in the absence of

the behavioral wedge.

Proposition 2 shows that arbitrage attenuates the behavioral component rather than nec-
essarily eliminating it. Risk premium news now contains two pieces: residual rational risk
premium news, N ]’;’;t 41 and the surviving belief-driven component, —\ (cp41. The full

benchmark in Proposition 1 is the special case with A = 1 and Ngp,,, = 0.2
A useful implication concerns the projection of risk premium news on belief-bias news.

From equation (1.3),

At *,7
Cov (NRP,t—i-lv CCF,t+1> M4 COV(NR’RtH, Corgst)
Var(Copt1) B Var(Copt1)

Thus the projection coefficient identifies —\ only under the maintained orthogonality condi-
tion

COV(NE}TD,HD CCF,tH) = 0.

? Appendix A.1.4 derives equation (1.3) from the log-linear return identity. The key step is that only the surviving
share ) of the behavioral valuation wedge affects prices, so the belief-bias innovation enters rational risk premium
news with loading —\.

13



This condition is an identifying assumption, not a theorem. If residual rational risk premium
news comoves with belief-bias news, the projection coefficient combines the behavioral load-

ing and that rational comovement.

The empirical implication is therefore a sign-and-presence implication rather than a struc-
tural estimate of \. A negative relation between Ng’; ++1 and (cr 11 is evidence that the belief
component survives in prices. Interpreting the projection coefficient as —\, however, requires

the additional orthogonality assumption above.

1.2.5 Rate-Belief Bias and Net Valuation Beliefs

The benchmark identity in Proposition 1 assumes that behavioral and rational investors agree
about the risk-free-rate stream. This subsection relaxes that assumption. If behavioral in-
vestors also hold biased beliefs about future risk-free rates, risk premium news reflects the net

valuation effect of cash-flow and rate-belief errors.

Let N g) 1): 41 denote the behavioral revision in expected future risk-free rates,

b b b »
Nz(%l)ntﬂ - <E§+)1 - Ez(f )> ZPJ T fa14g-

j>1
Define the risk-free-rate belief-bias news as
— ar® (r)
NRFt+1 = NRF,t+1 - NRF,t+1v
and its rationally unexpected component as
CRF,t+1 = MNRFit+1 — Egr)ﬁRF,t+1-
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Then the full behavioral-pricing benchmark becomes

N](%r])J’,tJrl = —CoFri+1 t+ CRE41- (1.4)

The sign difference is intuitive. Unexpected cash-flow optimism raises prices and therefore
lowers rational expected future excess returns, generating negative risk premium news. Un-
expected optimism about future risk-free rates raises perceived discount rates, lowering prices
and raising rational expected future excess returns. This generates positive risk premium

news.

Equation (1.4) shows that the exact theoretical object is net valuation belief bias, not cash-

flow belief bias alone. Define

CNET,tH = CCF,tH - CRF,tH-

Then equation (1.4) can be written as

() _
NRp,tH = —(NET,1+1-

The empirical analysis focuses on cash-flow beliefs because analyst forecasts directly
measure beliefs about future cash flows. This is a measurement restriction, not a theoretical
necessity. If risk-free-rate belief bias is empirically important and correlated with cash-flow
belief bias, then the cash-flow proxy measures only one component of the net valuation belief
wedge. Appendix A.1.6 derives equation (1.4) and shows how this extension combines with

partial arbitrage.
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1.2.6 Forecast Restrictions

The news identities above also imply forecast restrictions. The full benchmark says that pre-
dictable variation in excess returns should line up with predictable variation in behavioral

cash-flow revisions. This implication gives the paper’s main slope test.

Let 72 denote the constant perceived expected excess return in the full behavioral bench-
mark. Combining equation (1.1) with Proposition 1, realized excess returns can be written
as

_ (r) (r)
Tl = TX + NCF,tJrl - NRF,t+1 + Norty1-

Taking rational expectations at time ¢, and using
(r) p7(r) _ ) A _
Ei'Neperr = B Nrpg = 0,

gives

Erag = re + Ey)nC’F,t+1' (1.5)

Equation (1.5) is the forecast-side version of Proposition 1. It says that any variable that
predicts excess returns under the rational decomposition should also predict behavioral cash-

flow revisions with the same slope. The object is forecastable variation, not realized returns.

This is the restriction taken to the data. In the empirical VAR, let ¢/I" denote the row
of forecast coefficients for next-period excess returns, and let e;I" denote the row of forecast

coefficients for the behavioral revision proxy. Then equation (1.5) implies the slope restriction

et = esl. (1.6)
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Section 1.3 defines the state vector and the analyst-revision proxy used to implement this
restriction. For now, equation (1.6) should be read as a simple forecast statement: the same
information that predicts excess returns should predict behavioral cash-flow revisions one-

for-one.

Equation (1.6) is a sharp benchmark implication. Non-rejection supports the full bench-
mark’s forecast restriction. Rejection does not by itself reject the broader behavioral channel:
partial arbitrage, residual rational expected-return variation, rate-belief bias, or measurement
error can all break exact slope equality while leaving a belief-driven component in risk pre-

mium news.>

1.2.7 Matrix Condition and Pointwise News Equality

The slope restriction is a forecast restriction. It asks whether the same information forecasts
excess returns and behavioral cash-flow revisions. The sharp benchmark also has a stronger

implication: the constructed news objects should line up point by point.

To state this restriction, use the same linear forecasting representation introduced above

and define the present-value matrix

A= pl(I—pD) "t

This matrix maps current innovations into revisions in expected future variables. Let e; select

3 A compact way to write the generalized forecast relation is 7,\, = V. + Acr YoF — ArF YrF, Where .\, is the
expected-return slope, . is residual rational expected-return predictability, and yo r and yrF are the cash-flow-
and rate-belief slope components. The full benchmark sets 7. = 0, A\cr = 1, and Arr = 0. Appendix A.1.7
derives this relation.
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excess returns, e, select the risk-free rate, and e5 select the behavioral cash-flow revision. Then

the sharp benchmark implies the matrix condition

/

e = €] + ey A (1.7)

Equation (1.7) is stronger than the 1-step slope restriction. The slope restriction com-
pares predicted 1-period excess returns and predicted belief revisions. The matrix condition
compares the full innovation-level news objects that enter the Campbell and Ammer (1993)
decomposition. It requires the behavioral revision innovation to equal the current unexpected

excess return plus the present-value revision in future risk-free rates.

It is useful to define the matrix wedge

matrix __ ()
1 = Nppeyr + Corpt-
In the linear system,
matrix __ / / /
WET™ = (e — ) — e N e (1.8)
us the sharp pointwise benchmark implies X — () for every innovation £, 1. A nonzero
Thus the sharp point benchmark impl T = 0 f y t 1. A

matrix wedge means that the constructed long-horizon news objects do not satisfy exact point-

wise equality.

The matrix condition and the slope restriction answer different questions. The slope
restriction asks whether expected returns and expected belief revisions have the same 1-step
forecast slopes. The matrix condition asks whether the full Campbell and Ammer (1993) news

objects satisfy the pointwise identity implied by the sharp benchmark. The sharp benchmark
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implies both restrictions, but they are independent restrictions outside the benchmark: neither

generally implies the other, and in finite samples they can diverge.

Under partial arbitrage, the matrix wedge has a direct interpretation:
thialmx — N}*{};t—&-l + (1 — )\) CCF,t—i—l'

Thus the wedge is not simply a failure statistic. It can reflect residual rational risk premium
news, incomplete arbitrage, or measurement error in the belief proxy. It measures distance
from the strongest pointwise benchmark, not the absence of a belief-driven component. The
matrix wedge is therefore an interpretation diagnostic for the strongest pointwise benchmark,

not an independent overidentifying moment.*

1.2.8 Horizon Restrictions and Convergence

The 1-step slope restriction and the matrix condition are two endpoints. The slope restriction
is a 1-period forecast restriction. The matrix condition is an infinite-horizon pointwise news
restriction. The empirical analysis also studies finite horizons, which bridge these two objects

and connect the framework to long-horizon return predictability.

Let the finite-horizon present-value matrix be

h
Ah = Zp] Fj.
j=1

* Under the standard innovation-space construction, the matrix-wedge variance is algebraically pinned down
by the projection coefficient and the behavioral scale. Genuine overidentification requires a forecast-space re-
striction, horizon restriction, or external proxy variation. Appendix A.2.4 derives the matrix wedge, and Ap-
pendix A.8.6 shows the algebraic identity linking the wedge variance to the projection coefficient and scale.
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The infinite-horizon matrix in Section 1.2.7 is the limit,
A=Y pT7 = pI'(I-pT)~".
j=1
The omitted tail is
A=A, = pMITR ([ = pT) (1.9)
when the inverse exists. Thus finite-horizon news objects converge to the infinite-horizon

object, but the speed of convergence depends on the persistence of the state vector.

Finite-horizon forecast restrictions use a closely related matrix,

h
Bh = ijil Fj = pilAh.
j=1
The horizon-h forecast restriction is
6’13]1 = egBh.

It says that the state variables should forecast discounted cumulative excess returns and dis-

counted cumulative behavioral cash-flow revisions with the same slopes through horizon h.

In the VAR-implied system, the 1-step slope restriction implies the horizon restrictions.
If

/ o
ell' = esl,

then right-multiplying the slope restriction by I'V™! gives

I — TV
el = e3l'Y,
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for every j > 1, and therefore ¢ B}, = €} B}, for every finite horizon h.

This implication is mechanical inside the linear forecasting system. It clarifies what the
1-step benchmark says about longer horizons: if the same state variables forecast 1-period
returns and 1-period belief revisions with the same slopes, then the iterated system also gives

the same cumulative forecast slopes at every finite horizon.

Finite-horizon present-value objects have a different role. They approximate the infinite-
horizon news objects in the Campbell and Ammer (1993) decomposition. Replacing A with
Ay, truncates the present-value sum, leaving the tail in equation (1.9). A finite-horizon object
therefore need not equal the infinite-horizon object even when it is economically informative.

The relevant question is how quickly it converges as h grows.

This distinction is useful for the empirical analysis. Medium horizons show whether
the forecast-side restriction survives beyond one period. Longer horizons show how quickly
truncated present-value objects approach the infinite-horizon decomposition. The empirical
inference treats the 1-step (h = 1) restriction as the primary test and reports horizon objects as
diagnostics rather than as additional independent rejections, to preempt multiple-testing con-
cerns across many horizons. Appendix A.2 gives the algebra of A, B;, and the convergence

diagnostics.

1.2.9 Scale, Forecast Comovement, and Measurement

The theory delivers an exact benchmark identity, but the empirical analysis also needs inter-
pretable magnitudes. I use two complementary objects. The first compares the variance of
belief-bias news to the variance of risk premium news. The second asks whether predictable

returns and predictable belief revisions move together.
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Define the behavioral scale ratio as

Var(Copit1)

Bscale = #
Var <NRP,t+1>

(1.10)

This statistic asks whether the belief-bias component is large relative to the risk premium
news object. It is not a structural share. In particular, B, can exceed one, and it does not say

what fraction of risk premium news is caused by biased beliefs. It is a scale diagnostic.

The second object summarizes forecast comovement. Under the full benchmark, equa-
tion (1.5) implies that expected excess returns and expected behavioral cash-flow revisions

should move one-for-one, up to a constant. A bounded way to summarize this implication is
2 () (r) 2
Rforecast = Corr <Et TTi41, Et nCF,t+1) . (1 1 1)

The empirical implementation uses fitted return forecasts and fitted forecasts of the analyst-
revision proxy to compute the same statistic. Forecast RZ .. is bounded between zero and
one, but it is not a structural share. It asks a narrower question: how tightly does predictable

return variation comove with predictable belief-revision variation?

The news and forecast objects have opposite predicted signs. Proposition 1 predicts a

negative relation between risk premium news and unexpected belief-bias news,

Corr(Ng])%Hl, QCF,t+1> < 0,

while equation (1.5) predicts positive comovement between expected returns and expected

belief revisions.
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Measurement error affects scale, correlations, and projection coefficients differently. Sup-

pose the observed proxy is

Gir1 = Cort+1 + Uitt,

where u;,, is classical additive noise. Then

Vaf<§t+1> = Var(Ccris1) + Var(ug).

Thus additive noise inflates the measured numerator of B.,.. At the same time, it attenuates
correlations and projection coefficients toward zero. The common statement that measure-
ment error makes the behavioral scale conservative therefore requires qualification. It holds
under signal attenuation or incomplete-proxy models, but it is reversed under additive classical

noise.

This distinction matters because analyst revisions are proxies, not direct observations of
marginal-investor beliefs. The empirical sections therefore interpret Bg..e, news correlations,
forecast R?, slope tests, matrix wedges, and horizon restrictions jointly. Table 1.1 summarizes
the role of each object: scale measures economic magnitude, news correlations test the direc-
tional sign prediction, forecast R? measures predictable comovement, and slope and matrix

restrictions evaluate progressively sharper versions of the benchmark.

The table also clarifies the paper’s empirical strategy. The sharp benchmark makes several
exact predictions, but the broader behavioral claim does not require every equality to hold ex-
actly. The central question is whether the evidence points consistently toward a belief-driven
component in risk premium news across sign, scale, forecast comovement, and robustness

tests.
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Table 1.1: Empirical Objects and Their Interpretation

Object Tested Property Sharp Benchmark  Partial Arbitrage

Sign Correlation: Sign of the Belief Negative Negative when behavioral
Corr ( Nz(%?ja Co F) Channel channel survives
Behavioral Scale Ratio: Variance Scale of Positive, Large Positive but not a

Bscale Belief News structural share

Forecast Comovement: Return-Revision One Declines with residual
R?me cast Comovement rational variation

Slope Restriction: One-Step Slope Holds Need not hold exactly
il =eiT Equality under partial arbitrage
Matrix Wedge: Pointwise News Zero Reflects residual news,
thjl_altrix Equality arbitrage, or proxy error
Horizon Restriction: Cumulative Slope Holds at All A May fail at long horizons
e\ By = 5By, Equality under attenuation

Notes: The “Sharp Benchmark” column states predictions under Proposition 1 (full behavioral pricing with A = 1
and Ny, = 0). The “Partial Arbitrage” column gives predictions under Proposition 2 with A € (0, 1) and possibly
nonzero residual rational risk premium news N p. Notation: N 1({1)3 denotes rational risk premium news; (cr
is the unexpected component of cash-flow belief bias; By, is the variance ratio in equation (1.10); R?mcast is
defined in equation (1.11); A, Ap, and By, are the present-value matrices defined in Sections 1.2.7 and 1.2.8.

1.3 Data and News Construction

Section 1.2 derives restrictions linking risk premium news to biased cash-flow beliefs. This
section constructs the empirical objects used to test those restrictions. I first describe the
return-side forecasting system used to construct rational news. I then describe the analyst
forecast data, the target-date alignment procedure, and the three behavioral cash-flow news
proxies. Finally, I map the analyst revisions into empirical counterparts of o and (¢, define

the news objects, and describe inference.
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1.3.1 Returns, Dividends, and the Forecasting System

The empirical return-news decomposition is estimated at the monthly frequency. The return-
side data consist of the excess market return, the risk-free rate, the log price-dividend ratio,
and the term spread, and dividend/return series used to recover cash-flow news under the
Campbell and Ammer (1993) identity. The baseline sample runs from February 1982 through
June 2023, giving 497 monthly observations after merging the return data with the analyst-
forecast panel; one observation is lost in forming first-differenced innovations, leaving 496

usable news observations.

Let rx;1; denote the excess log market return from month ¢ to month ¢ + 1, r f;; the 1-
month risk-free rate, pd; the log price-dividend ratio, and ts; the term spread. Excess returns
and the 1-month Treasury bill rate are from the Ken French data library (the value-weighted
market factor and the risk-free-rate series); the log price-dividend ratio is the Shiller monthly
S&P 500 series; and the term spread is the difference between the 10-year and 3-month Trea-

sury yields from FRED. Appendix A.4 gives the variable definitions and data filters.

Irepresent the rational information set with a linear forecasting system. For each analyst-

based belief measure, the baseline state vector is

Ty = [T.I't, Tft; Z/t(B)7 szB)7 pdt7 tst}la (112)

where I/t(B) is the behavioral cash-flow news proxy, bgB) is the belief-level control, and ts; is

the term spread defined above. The belief-level control is included because revisions in beliefs
may depend on the current level of expected cash-flow beliefs. Section 1.3.3 defines the three

revision proxies and the belief-level measure used in the baseline specification.
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The state vector follows

T = a+Tx+ e, IEjygr)&tﬂ = 0. (1.13)

This forecasting system serves two roles. First, it defines the rational expectations opera-
tor Ey) used to construct the news terms in equation (1.1). Revisions in the forecasts generated
by equation (1.13) produce risk-free-rate news and risk premium news. Second, the same sys-
tem provides the slope coefficients used to test the forecast restriction in equation (1.6): the
row of I' that forecasts excess returns is compared with the row that forecasts the analyst-

based belief revision.

The present-value matrix implied by the forecasting system is
A= pD(I—pD)H (1.14)

where p is the Campbell-Shiller log-linearization constant. This matrix maps monthly inno-
vations £, into revisions in present discounted values of future state variables. Risk premium
news, NV }({ J)D’t 41, is constructed directly from the forecasting system’s revisions to future excess
returns. It is not introduced as the residual from the accounting identity. Cash-flow news,

N g }i .1, is then recovered so that the Campbell and Ammer (1993) identity holds. Section 1.3.5

describes the exact news construction and the corresponding empirical test objects.

This subsection defines the return-side forecasting system. The next subsection turns
to the belief data. It explains how analyst forecasts are aligned across target dates so that
monthly revisions measure changes in cash-flow expectations rather than mechanical changes

in forecast horizon.
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1.3.2 Analyst Forecasts and Target-Date Alignment

The belief data come from analyst forecasts of firm-level earnings, which I use as proxies for
cash-flow expectations. Analyst forecasts are not assumed to equal the beliefs of the marginal
investor. They are useful because they provide repeated, dated measurements of subjective
expectations for a large panel of firms. I use these forecasts to construct monthly revisions in

expected future cash flows and then aggregate those revisions to the market level.

A central measurement problem is that analyst forecasts are indexed by forecast horizon
as well as by calendar time. A naive month-to-month revision can compare forecasts for differ-
ent fiscal targets. For example, a revision from a near-term fiscal-year forecast in one month
to a farther fiscal-year forecast in the next month can mechanically reflect horizon rollover
rather than a change in beliefs about the same cash-flow object. This problem is especially im-
portant in monthly data because the target horizon changes mechanically as fiscal-year-end

dates approach.

I address this problem by constructing target-date-aligned revisions. For each firm 7, let
F, 1(T') denote the analyst forecast at time ¢ for a fixed cash-flow target date 7'. The aligned
behavioral revision is

virh = Fun(T) — Fu(T). (1.15)

The target date 7' is held fixed across the revision window. The revision therefore measures
a change in beliefs about the same future cash-flow object, rather than a change in the ob-
ject being forecast. The superscript (B) denotes an empirical behavioral-belief proxy. It does
not mean the revision is measured without error or that analysts are the marginal investors.

It means the series is the observable counterpart to the behavioral cash-flow revision in the
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theory. This alignment step builds on analyst-expectations measures used in prior work, in-
cluding Bretscher et al. (2025), De La O and Myers (2021), and Bordalo et al. (2025c), but applies

the revision construction to the Campbell and Ammer (1993) news framework.

I aggregate firm-level aligned revisions to the market level using value weights. Let w; ;
denote the market-value weight of firm ¢ at time ¢. For a given belief-revision measure, the

market-level revision is

B B
Vt(+f = Zwi,t Vz‘(,t—i)-lv (1.16)
€Lt

where 7, is the set of firms with usable aligned forecasts at time ¢.°

The alignment procedure has two advantages. First, it removes a mechanical source of
forecast variation that would otherwise contaminate monthly revisions. Second, it makes the
analyst revision comparable to the cash-flow-news objects in the Campbell and Ammer (1993)
decomposition, which are revisions in expectations about a fixed stream of future cash flows.
The next subsection defines the three aligned behavioral cash-flow news proxies used in the

empirical analysis.

1.3.3 Three Behavioral Cash-Flow News Proxies

I construct three market-level behavioral cash-flow news proxies. They use different analyst-
forecast inputs and horizons, so they are exposed to different measurement errors. This cross-
proxy design is useful because the paper’s main prediction should not depend on one partic-
ular analyst measure. I refer to them as the CBR (Composite Belief Revision, both short and

long horizons), LTG (Long-Term Growth, long horizon), and STR (Short-Term Revision, short

> Weights are lagged by one month relative to revision dates to limit same-month price feedback into the aggre-
gation. Appendix A.4.5 gives the aggregation details.
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Table 1.2: Behavioral Cash-Flow News Proxies

Panel A: Proxy Summary

Proxy = Raw Forecast Input Horizon Alignment

CBR EPS and LTG Forecasts Short and Long Target-Date and Timing
LTG LTG Forecasts Long Timing Only

STR EPS Forecasts Short Target-Date Only

Panel B: Construction Formulas

Proxy h=1 h=2 h > 3 Continuation
CBR g1,it 92,it P 2LTGy + (1 — ") g,
LTG LTGj HLTGy + (1 — @) ge P ILTGy + (1 — 1) gy
STR g1t 92,it "2 goit

Notes: Panel A summarizes the three analyst-based behavioral cash-flow news proxies. CBR follows Bretscher
et al. (2025); LTG follows Bordalo et al. (2025c); STR follows De La O and Myers (2021). Panel B gives the per-
firm cash-flow growth path g; ;, used to construct the aligned revision in equation (1.15). Common ingredients:
g1,it = FYlZ-,g/EPS;fail —land g2+ = FY2;;/FY1;; — 1; g; is the cross-sectional median long-term-growth
forecast; ¢ = 0.445. All proxies are aggregated to the market level using the value-weighted aggregation in
equation (1.16). Appendix A.4.4 gives the exact definitions, filters, and timing conventions.

horizon) proxies. Table 1.2 summarizes the three proxies.

The first proxy, CBR, is a composite aligned revision measure following Bretscher et al.
(2025). It combines information from short-horizon analyst earnings forecasts and analysts’
long-term-growth forecasts, so it spans both horizons. I use it as the baseline proxy because

it is the most comprehensive analyst-based measure of cash-flow belief revisions in the paper.

The second proxy, LTG, uses analysts’ long-term-growth forecasts alone, in the tradition
of Bordalo et al. (2025c). It captures revisions in persistent growth expectations and helps

isolate the long-horizon component of the baseline measure.

The third proxy, STR, follows De La O and Myers (2021) by extracting cash-flow expec-
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tations from analyst forecasts at short horizons. It provides a short-horizon-only counterpart

to LTG and helps test whether the results are specific to the CBR composite construction.

For each proxy, I construct the firm-level aligned revision using equation (1.15) and ag-
gregate it to the market level using equation (1.16). I denote the resulting market-level revision
by l/t(B). In the baseline forecasting system in equation (1.12), the third state variable is this
revision proxy. I estimate the system separately for the CBR, LTG, and STR revisions. The
baseline forecasting system also includes a belief-level control, bEB), so that predictable future

revisions can depend on the current level of expected cash-flow beliefs.®

The three proxies are not interchangeable, and the paper does not require them to be.
Short-horizon revisions may capture different belief movements than long-term growth revi-
sions. The empirical question is whether the predicted relation between belief revisions and

risk premium news appears consistently across these different measures.

Before taking these proxies to the return-news system, I check that they have the basic
time-series properties of revision objects. The target-date-aligned revisions are centered near
zero, have moderate volatility, and are much less persistent than revisions that mechanically
compare forecasts by horizon label rather than by fixed target date. A simple next-fiscal-year
revision that ignores fiscal-year rollover is roughly twice as volatile, substantially more persis-
tent, and nearly uncorrelated with the aligned CBR proxy. The three aligned proxies also share
a common component: the first principal component explains 74.4% of their standardized vari-
ance. These facts do not prove that analyst revisions equal marginal-investor beliefs, but they

show that the aligned series are news-like belief-revision measures rather than mechanical

® In the baseline specifications, bgB) is the CBR-based belief level and is held fixed across the CBR, LTG, and STR
revision-proxy systems. Holding the level control fixed makes the systems easier to compare: the revision proxy
I/t(B) varies across specifications, while the state variable controlling for the current level of cash-flow beliefs is

held constant. Appendix A.4.4 gives the exact proxy definitions, filters, and aggregation details.
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horizon-roll artifacts. Appendices A.4.6 and A.4.9 report the validation diagnostics.

1.3.4 From Analyst Revisions to Belief-Bias News

Section 1.2.2 defines the theoretical objects ¢ 7 4+1 and (cpy+1: the behavioral-minus-rational
cash-flow-news wedge and its rationally unexpected component. This subsection constructs

their empirical counterparts from analyst revisions.

For each proxy j € {CBR,LTG, STR}, let uj(-fll denote the market-level aligned analyst
revision constructed from the firm-level revisions in equation (1.15) and the aggregation in

equation (1.16). The proxy B

111 targets behavioral cash-flow news: the subjective revision in

expected future cash flows measured from analyst forecasts.

The theory, however, concerns the difference between behavioral and rational cash-flow

news. I therefore define the empirical behavioral distortion as

B — (B a)

(
Mitr1 = Vit CFt+1 (1.17)

The first term is the analyst-based subjective cash-flow revision. The second term is rational

cash-flow news from the return-side forecasting system. Thus n](f}rl is the empirical counter-

part of the theoretical cash-flow belief-bias news ncg 1.

The news tests use the rationally unexpected component of this wedge. I define

B _ B r) (B
CJ(,H)-I = 77J(',t4)rl - Eg )77(‘,t4)rl- (1.18)

Empirically, IE,ET) j(‘i)rl is the linear projection of nj(f}rl on the time-¢ state vector z;. Sec-
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tion 1.3.5 describes the forecasting system used to construct this projection and the rational

news terms.

This step puts the belief proxy on the same footing as the Campbell and Ammer (1993)
news terms. Predictable belief distortions may affect prices, but they are not news at ¢ + 1.

The object compared to risk premium news is the innovation ¢ j(i)rl

The superscript (B) denotes an empirical belief-based proxy. It does not mean that an-
alysts are marginal investors, that the proxy is measured without error, or that the proxy
captures all valuation-relevant belief distortions. The notation means that ¢ ](i)rl is the observ-
able counterpart of (11 constructed from analyst revisions and rational cash-flow news.

When the proxy index j is not needed, I write Vt(fi, nffi, and (t(fl) .

This construction separates three objects that play different roles in the empirical anal-
ysis. The analyst revision v#) measures subjective cash-flow revisions. The distortion 1"
subtracts rational cash-flow news to isolate the behavioral-minus-rational wedge. The inno-
vation (%) is the news object used in the sign, scale, and matrix-wedge tests. Section 1.3.5

describes the construction of Ngll, N g})), and the remaining test objects.

1.3.5 Rational News Construction and Test Objects

The empirical news terms are constructed from the forecasting system in equation (1.13). Let
€¢+1 denote the innovation to the state vector, and let ey, e5, and e3 select excess returns, the
risk-free rate, and the behavioral cash-flow news proxy, respectively. The 1-period unexpected
excess return is €| €, 1, and the present-value matrix A in equation (1.14) maps this innovation

into revisions of expected future state variables.
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Risk premium news is constructed directly as the rational revision in expected future
excess returns:

(r)
Nppis1 = e Aeria.
Risk-free-rate news is constructed analogously:

(r) _
Npper1 = eAer

These definitions follow the return-news decomposition in Campbell and Ammer (1993).”
In particular, NV g ;,t 41 is the expected-return-news object generated by the forecasting system;

it is not introduced as a residual from the accounting identity.

Cash-flow news is then recovered so that the Campbell and Ammer (1993) identity holds
exactly:

Niiir = €ieeet + Ny + Nib oo (1.19)

Equivalently,

Ng})«“,tﬂ = (6/1 + 3/2A + ellA) Ett1-

This construction keeps the expected-return-news object tied to revisions in future excess

returns while ensuring that the return identity in equation (1.1) is satisfied in the data.

For each belief proxy j € {CBR,LTG,STR}, I combine this rational cash-flow news

with the analyst revision Vj(fj_l to construct n](f}rl and ¢ ](fll via equations (1.17)—(1.18), the

empirical counterparts of the belief-bias objects in Section 1.2.2.

7 This convention treats risk-free-rate news symmetrically with risk premium news, as a present-value revision
in future rates. Appendix A.5.4 discusses the timing convention; Appendix A.5.6 verifies that the Campbell and
Ammer (1993) identity holds under the implementation.
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The main empirical objects follow directly from the theory. Matching the sign prediction

in Proposition 1, I compute
r B)
Corr (NJ(%J)D,tH» C](,t-&-l) :

Matching the scale statistic in equation (1.10), I compute

Var <Cﬁll)

Bscale,j = T .
Var (NRP,t+1>

Matching the forecast-comovement statistic in equation (1.11), I compute
2 = = (B) \?
Rforecast,j = Corr Et TTig1, Et Vj,t—i—l .

The slope test implements equation (1.6) by comparing the return-forecasting row and the

belief-revision-forecasting row of the VAR,
et = el
Finally, matching the matrix wedge in equation (1.8), I compute

matrix __ (T) (B)
g+l T NRP,t+1 + Cj,t+1-

These objects correspond to the tests summarized in Table 1.1. The sign correlation asks
whether belief-bias news moves in the direction predicted by Proposition 1 and its partial-
arbitrage extension. By, asks whether the belief-bias object is economically large. Forecast

R? asks whether predictable returns and predictable belief revisions comove. The slope and
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matrix restrictions evaluate progressively sharper implications of the full behavioral-pricing

benchmark in equation (1.2).

1.3.6 Inference and Pre-Specified Interpretation

Persistent state variables, generated news terms, and overlapping long-horizon returns make
standard asymptotic inference unreliable in this setting. I therefore use bootstrap inference as
the primary basis for the empirical tests. The bootstrap preserves the time-series dependence
in the monthly data and, for restrictions such as the slope test, imposes the null hypothesis

before simulating the sampling distribution of the statistic.

For baseline sampling uncertainty, I use a stationary block bootstrap with 5,000 replica-
tions and a mean block length of 12 months. In each replication, I reconstruct the relevant
news terms, belief-bias objects, and test statistics. This procedure gives confidence inter-
vals for the sign correlations, scale ratios, forecast-comovement statistics, matrix wedges, and

cross-sectional summaries.

For the slope restriction in equation (1.6), I use a null-imposed bootstrap. I estimate the
restricted forecasting system under

eiI'=eil,

simulate bootstrap samples from that restricted system, and recompute the Wald statistic in
each sample. The resulting p-value asks whether the observed slope discrepancy is large rel-
ative to the distribution generated by the sharp full-benchmark forecast restriction. This is
the relevant inference for the slope test because the restriction is imposed on a persistent

forecasting system and evaluated using generated test objects.
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For horizon tests, I use the same principle: inference is based on the sampling distribu-
tion of the relevant finite-horizon statistic rather than on large-sample approximations alone.
Section 1.4 introduces the direct horizon tests, and Appendix A.5.8 gives the implementation

details.

The empirical interpretation distinguishes evidence for the sharp full behavioral-pricing
benchmark from evidence for the broader belief-driven channel. Slope non-rejection supports
the full benchmark’s forecast restriction. Slope rejection, by itself, does not reject the broader
channel because partial arbitrage, residual rational expected-return variation, rate-belief bias,
and proxy error can all break exact equality. Conversely, evidence on sign, scale, forecast
comovement, price-inference robustness, and cross-sectional patterns speaks to whether a
belief-driven component is present more broadly. Section 1.4 turns to the main time-series
evidence; Section 1.6 addresses the robustness exercises and Section 1.7 the cross-sectional

evidence.

1.4 Main Time-Series Evidence

The theory predicts that risk premium news should contain a belief-driven component when
prices reflect biased cash-flow beliefs. This section tests the core time-series implications.
I begin with the main aggregate evidence on sign, scale, and forecast comovement. I then
study the 1-step slope restriction implied by the full behavioral-pricing benchmark and direct
horizon tests of the same forecast relation. The sharper long-horizon matrix and convergence
diagnostics are left to Section 1.5; this section asks whether the central behavioral predictions

appear in the aggregate time series.
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1.4.1 Sign, Scale, Forecast Comovement, and One-Step Slope Evidence

Table 1.3 reports the main time-series evidence for the three behavioral cash-flow news prox-
ies. The table combines the directional news correlation, the behavioral scale ratio, the signed
forecast correlation, the forecast-comovement R2, and the bootstrap p-value for the 1-step
slope restriction. These are the core empirical objects defined in Sections 1.2.9 and 1.3.5.

Table 1.3: Baseline Time-Series Evidence

Proxy News Correlation Bicale Forecast Correlation ~ Forecast R? Slope oot
CBR —0.1068 0.3415 0.5137 0.2639 0.6573
LTG —0.1070 0.2800 0.5113 0.2615 0.3490
STR —0.0997 0.3350 0.4569 0.2087 0.6725

Notes: The table reports baseline aggregate time-series evidence for the composite belief revision proxy (CBR),

the long-term-growth proxy (LTG), and the short-term revision proxy (STR). “News Correlation” is the correla-

tion between rational risk premium news N 1(%2' and empirical belief-bias news ¢ (B)| By is the variance ratio

in equation (1.10). “Forecast Correlation” is the signed sample correlation between fitted return forecasts and
fitted analyst-revision forecasts. Forecast R? is the squared sample forecast-comovement statistic, so it equals
the square of the signed forecast correlation. Slope phoot is the null-imposed bootstrap p-value for the 1-step
restriction €)' = e4I". Population forecast R? (computed via the discrete Lyapunov equation) is approximately
0.30 across proxies and corresponds to the values cited in the abstract and introduction; the full sample, popula-
tion, and bias-corrected forecast R? values are reported in Appendix A.6.3.

The first column gives the directional test. For all three proxies, belief-bias news is neg-
atively correlated with risk premium news. The correlations are close to —0.10: —0.1068 for
CBR, —0.1070 for LTG, and —0.0997 for STR. This is the sign predicted by Proposition 1 and its
partial-arbitrage extension. Unexpected cash-flow optimism raises prices and lowers rational

expected future excess returns, so the belief-bias innovation should move negatively with risk

premium news.

The second column shows that the measured belief-bias object is economically meaning-
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ful in scale. The behavioral-to-risk premium news variance ratio ranges from 0.2800 to 0.3415,
so the measured belief-bias news has roughly one-third of the variance of rational risk pre-
mium news. This magnitude is difficult to reconcile with the view that analyst-based belief
revisions are only small, idiosyncratic measurement noise. The statistic should be interpreted

narrowly. By definition,
B
var (¢(7,)
Var <Ngzl,t+1>

This ratio compares the variance of the measured belief-bias object with the variance of risk

Bscale,j =

premium news. It is not a causal share and does not impose an orthogonal decomposition
of N g])j. The empirical claim is therefore a scale claim: the measured belief component is
economically meaningful relative to the object that standard decompositions call risk premium

news.

The next two columns report forecast comovement. The signed forecast correlations are
positive for all three proxies, between 0.4569 and 0.5137, with sample R? values from 0.2087
to 0.2639. The forecast statistic has a different sign convention than the news correlation:
Proposition 1 predicts a negative relation between realized risk premium news and unexpected
belief-bias news, while equation (1.5) predicts positive comovement between expected returns
and expected belief revisions. The positive forecast correlations therefore support the forecast-

side implication of the full behavioral-pricing benchmark.

The last column reports the 1-step slope test. The null-imposed bootstrap p-values are
0.6573, 0.3490, and 0.6725. Thus the 1-step forecast restriction is not rejected for any proxy.
This result supports the full behavioral-pricing benchmark’s forecast implication, while the

sign and scale evidence support a belief-driven component in risk premium news.
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1.4.2 Direct Horizon Slope Tests

The 1-step slope test uses the forecasting system in equation (1.13). Section 1.2.8 shows that,
inside this system, the 1-step restriction mechanically implies corresponding cumulative re-
strictions at finite horizons. I also test these restrictions directly. The direct horizon tests
ask whether discounted cumulative return forecasts and discounted cumulative belief-revision

forecasts line up at horizon h, without relying only on the VAR’s iterated implication.

Table 1.4 reports bootstrap p-values for horizons h = 1,12, 24, 36, and 60 months. The
h =1 test is a useful validation check: the direct horizon test reproduces the 1-step VAR slope
test almost exactly. The medium-horizon tests then ask whether the same forecast relation
survives at 1-, 2-, and 3-year horizons. The 5-year test connects the framework to the long-
horizon return-predictability evidence emphasized in the behavioral literature.

Table 1.4: Direct Horizon Slope Tests

Proxy h=1 h =12 h =24 h = 36 h =60
CBR 0.6573 0.6713 0.6081 0.3547 0.0006
LTG 0.3490 0.4308 0.2902 0.3638 0.0008
STR 0.6725 0.6109 0.5869 0.2869 0.0006

Notes: The table reports bootstrap p-values for direct horizon slope tests. Each test compares the discounted
cumulative forecast relation for excess returns with the corresponding forecast relation for the behavioral cash-
flow news proxy at horizon h. The h = 1 column corresponds to the 1-step restriction ejI" = e4T". Bootstrap
inference follows the procedure described in Section 1.3.6.

The 1-step and medium-horizon evidence supports the forecast side of the benchmark.
At h = 1, the bootstrap p-values are 0.6573, 0.3490, and 0.6725, matching the 1-step VAR slope

test. At h = 12, h = 24, and h = 36, the restrictions are not rejected for any of the three

proxies. Thus the forecast relation in equation (1.5) survives beyond the 1-month horizon.
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The 5-year horizon gives a different result. Direct cumulative-forecast equality at i = 60
is rejected at the 1% level for all three proxies, with bootstrap p-values of 0.0006 to 0.0008.
This is an important caveat. It means that direct 5-year cumulative slopes do not satisfy the
exact equality implied by the sharp benchmark. It does not overturn the negative news cor-
relations, the economically meaningful scale, the positive forecast comovement, or the 1-step

and medium-horizon non-rejections documented above.

The horizon evidence therefore sharpens the interpretation. The data support the full
benchmark’s forecast restriction at 1-step and medium horizons, while rejecting exact cumu-
lative equality at five years. Section 1.5 studies whether this long-horizon rejection reflects
convergence and pointwise-news issues rather than the absence of a belief-driven component

in risk premium news.

1.4.3 Forecast-Side Support and Long-Horizon Limits

The aggregate time-series evidence supports the main behavioral predictions. Across CBR,
LTG, and STR, belief-bias news is negatively correlated with risk premium news, the mea-
sured belief-bias object has economically meaningful scale, and predictable returns comove
positively with predictable belief revisions. The 1-step slope restriction is also not rejected
for any proxy under the null-imposed bootstrap. These findings line up with the forecast-side
implications of the full behavioral-pricing benchmark and with the broader partial-arbitrage

prediction that risk premium news contains a surviving belief-driven component.

The evidence is not uniform across all horizons. Direct horizon tests do not reject the
cumulative forecast restriction at 1-, 2-, or 3-year horizons, but they reject sharply at five

years. This pattern is informative. It shows that the baseline behavioral channel is visible in
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the aggregate time series, while exact long-horizon cumulative equality is too strong. The
rejection at & = 60 should therefore be read as a long-horizon caveat, not as evidence that the

sign, scale, or forecast-comovement results disappear.

The next section studies this caveat directly. Section 1.5 separates the 1-step and medium-
horizon forecast evidence from the stronger pointwise long-horizon news restriction. It asks
whether the 5-year rejection reflects convergence, truncation, and matrix-wedge issues rather

than the absence of a belief-driven component in risk premium news.

1.5 Limits of the Sharp Benchmark

Section 1.4 shows that the main time-series evidence lines up with the behavioral channel:
belief-bias news is negatively related to risk premium news, the measured belief-bias object
is large relative to risk premium news, predictable returns comove positively with predictable
belief revisions, and the 1-step and medium-horizon slope restrictions are not rejected. The
same section also shows that direct cumulative equality fails sharply at five years. This section
studies that caveat. The goal is to distinguish evidence against the strongest pointwise bench-
mark from evidence against the broader claim that risk premium news contains a belief-driven

component.

1.5.1 Stronger Implications of the Sharp Benchmark

The full behavioral-pricing benchmark imposes more than the sign and forecast-comovement
predictions tested in Section 1.4. It also implies pointwise equality between constructed long-

horizon news objects: under Proposition 1 (equation (1.2)), NV gl)%t +1 should equal —(cri1
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innovation-by-innovation, implemented in the linear forecasting system through the matrix
condition in equation (1.7). That is a strong restriction. Under partial arbitrage, residual ratio-
nal expected-return news, rate-belief bias, or proxy error, the sign and forecast evidence can
survive even though exact pointwise equality fails. The matrix-wedge and horizon diagnostics

below measure this distance from the sharp benchmark.

1.5.2 Matrix Wedges

The sharp pointwise benchmark can be evaluated through the matrix wedge defined in equa-

tion (1.8). For each proxy j € {CBR, LTG, STR}, I compute
matrix T B
j,t—&t-l = NJ(%J)D,tH + C](tJ)rl

Under the full behavioral-pricing benchmark, this object is zero innovation-by-innovation. A
nonzero wedge therefore measures the distance between the constructed risk premium news

object and the negative of measured belief-bias news.

Table 1.5 reports the variance of the matrix wedge relative to the variance of risk premium
news. The unrestricted wedge ratios are economically large: 1.2167 for CBR, 1.1668 for LTG,
and 1.2196 for STR. The bootstrap confidence intervals are bounded away from zero for all

three proxies. Thus exact pointwise equality does not hold in the data.

The slope-restricted columns ask whether imposing the 1-step forecast restriction also
brings the long-horizon news objects closer to pointwise equality. It does not. If slope equality
mechanically delivered long-horizon pointwise equality, the restricted ratios would be close

to zero. Instead, the slope-restricted ratios are larger than the unrestricted ratios for all three
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Table 1.5: Matrix-Wedge Diagnostics

Proxy Unrestricted Ratio Slope-Restricted Ratio
CBR 1.2167 2.9832
[0.7648, 2.6726] [1.5709, 6.7169]
LTG 1.1668 2.3867
[0.7167, 2.5142] [0.8104, 6.9808]
STR 1.2196 3.1903

[0.7706, 2.6593]

[1.6537, 7.0674]

Notes: The table reports matrix-wedge variance ratios for the three behavioral cash-flow news proxies. The
unrestricted ratio is Var(W™") /Var(N }({1)3). The slope-restricted ratio recomputes the wedge after imposing
the 1-step forecast restriction ejI" = e4T". Brackets below each point estimate report the 95% stationary-block
bootstrap confidence interval, computed using the procedure described in Section 1.3.6.

proxies: 2.9832 for CBR, 2.3867 for LTG, and 3.1903 for STR. The confidence intervals overlap,
so I do not interpret the increase as a precisely estimated incremental effect. The robust con-
clusion is narrower: the 1-step slope restriction and the pointwise long-horizon news equality

are distinct restrictions.

The distinction is intuitive. The 1-step slope restriction operates in forecast space: it asks
whether the same state variables forecast next-period returns and next-period belief revisions
with the same coefficients. The matrix wedge operates in innovation-level present-value space:
it asks whether each shock produces risk premium news exactly equal to negative measured
belief-bias news. The first restriction need not repair the second. In these data, imposing
the 1-step slope restriction also reverses the innovation-level comovement between N g 1)3 and
—(®), from about +0.10 in the unrestricted system to about —0.40 when the slope restriction

is imposed, reinforcing that slope compatibility does not mechanically imply pointwise news

equality.®

8 Innovation-level Corr(NJg])37 —((B)) for CBR, LTG, STR is +0.107, +0.107, +0.100 unrestricted, and —0.379,
—0.427, —0.413 slope-restricted; bootstrap distributions in Appendix A.6.5.
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The partial-arbitrage model of Section 1.2.4 gives the wedge an economic interpretation:

W = N3+ (1= A) Cerr-

The first term is residual rational risk premium news. The second term is the part of the
full behavioral belief-bias component that does not pass through to risk premium news when
arbitrage attenuates the behavioral wedge. Proxy error, omitted rate-belief bias, and misspec-
ification in the present-value forecasting system can also contribute to the empirical wedge.

Thus the wedge measures distance from the full pointwise benchmark, not the absence of

biased beliefs.

The correct reading is therefore measured. The aggregate time-series evidence supports
the belief-driven channel through sign, scale, forecast comovement, and 1-step and medium-
horizon slope restrictions. The matrix-wedge evidence rejects the stronger claim that mea-
sured belief-bias news and rational risk premium news are pointwise equal innovation-by-
innovation. These facts are consistent with partial arbitrage, residual rational expected-return

news, rate-belief bias, and proxy error.

1.5.3 Horizon Diagnostics

The 5-year rejection in Section 1.4.2 is a real failure of exact cumulative forecast equality. It
does not, however, imply that the belief-driven component disappears at longer horizons. The
horizon diagnostics ask a narrower question: how do finite-horizon objects behave as they
move from the 1-step forecast restriction toward the infinite-horizon Campbell and Ammer

(1993) decomposition?

44



Section 1.2.8 shows that finite-horizon present-value objects replace the infinite-horizon

matrix A with
h

A=Y pI.

=1

The difference between A, and A is the omitted present-value tail,
A . Ah — ph-i-lrh-i-l(] _ pr)—l'

Thus a finite-horizon diagnostic is not the same object as the infinite-horizon matrix condition.

A 5-year horizon is economically meaningful, but it is still a truncated present-value object.

Figure 1.1 plots three finite-horizon diagnostics. The 5-year rejection is not accompanied
by a discrete breakdown of the horizon profile. The left panel shows that the finite-horizon
wedge ratios converge toward the infinite-horizon matrix-wedge values from Table 1.5 (dashed
reference lines): finite-horizon objects need not satisfy pointwise equality at every h, but
they should converge toward the infinite-horizon object as the present-value tail shrinks (Sec-
tion 1.2.8). The middle and right panels show that the correlation and forecast-comovement
diagnostics are strongest at short and medium horizons and weaken by five years. The weak-
ening does not reverse the basic sign and scale results from Section 1.4.1. The 5-year local-
projection rejection therefore isolates a specific failure of exact cumulative slope equality, not

evidence that the risk premium news object is unrelated to belief-bias news.

This distinction matters for connecting the paper to long-horizon behavioral predictabil-
ity. Five-year horizons are central in the La Porta (1996) and Lakonishok et al. (1994) evi-
dence on expectation errors and subsequent returns. The evidence here is consistent with

that long-horizon perspective, but the object is different. I ask whether belief revisions enter
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Figure 1.1: Horizon Diagnostics
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Notes: This figure reports three finite-horizon diagnostics for the CBR, LTG, and STR proxies across horizons
h € {1,3,6,12,24, 36,60} months. Panel A reports the matrix-wedge variance ratio W}, on a log scale, the
finite-horizon analogue of the matrix wedge defined in equation (1.8). Panel B reports the innovation-level news
correlation pj, between rational risk premium news and the negative of empirical belief-bias news. Panel C reports

the forecast-comovement statistic R7, the finite-horizon analogue of equation (1.11). Finite-horizon objects use

Horizon (Months)

the truncated present-value matrix A}, in place of A.
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the Campbell and Ammer (1993) risk premium news component, not whether 5-year returns
are perfectly explained by expectation errors. The horizon diagnostics show that the belief-
driven channel is visible in the return-news system, while exact 5-year cumulative equality is

too strong.

The horizon evidence therefore complements the matrix-wedge evidence. Section 1.4
shows strong sign, scale, forecast-comovement, and medium-horizon slope evidence. Table 1.5
shows that pointwise long-horizon equality fails. The horizon diagnostics explain how both
facts can hold at once: finite-horizon restrictions can reject, especially at five years, even when
the aggregate time-series evidence continues to point toward a belief-driven component in risk

premium news.

1.5.4 Forecast Evidence and Pointwise Limits

The matrix and horizon diagnostics clarify the limits of the sharp benchmark. Section 1.4
shows that the main time-series evidence points toward a belief-driven component in risk
premium news: the sign is negative, the scale is economically meaningful, forecast comove-
ment is positive, and the 1-step and medium-horizon slope restrictions are not rejected. The
evidence in this section shows that a stronger claim does not hold. Measured belief-bias news
and rational risk premium news are not pointwise equal innovation-by-innovation, and direct

cumulative equality fails at five years.

These findings are not contradictory. The forecast-side restrictions ask whether pre-
dictable returns and predictable belief revisions move together. The matrix condition asks
whether the full present-value news objects line up shock by shock. The horizon tests ask how

finite-horizon restrictions behave as they approach the infinite-horizon Campbell and Ammer
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(1993) decomposition. The data support the first set of implications more strongly than the
latter two. This is exactly the pattern one would expect if risk premium news contains a belief-
driven component, but also contains residual rational expected-return news, partial-arbitrage

attenuation, rate-belief components, or proxy error.

The preferred interpretation is therefore neither the knife-edge full benchmark nor a
purely rational benchmark. The sharp identity in Proposition 1 is useful because it gives
clear sign, forecast, and pointwise predictions. The evidence supports the sign and forecast
predictions, but rejects the strongest pointwise equality. The partial-arbitrage framework in
Proposition 2 provides the natural reading: belief-bias news survives in risk premium news,

but it does not exhaust the object.

The next section, Section 1.6, studies the main measurement and alternative-explanation
concerns directly. It asks whether the belief-news relation is driven by proxy error, price-
inference contamination, reliability problems, or adversarial residual rational news. Those
exercises evaluate whether the belief-driven component documented above survives more de-

manding robustness tests.

1.6 Robustness and Alternative Explanations

The evidence above treats analyst revisions as empirical proxies for belief revisions. This
section asks whether the results could be driven by proxy noise, analysts inferring information
from prices, or omitted rational risk premium news that happens to comove with the belief
proxy. The goal is not to show that the analyst measures are perfect, but to ask whether the

main belief-news relation survives the most direct alternative explanations.
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1.6.1 Measurement Error and Reliability

Analyst revisions are noisy proxies for belief revisions. They may contain idiosyncratic ana-
lyst noise, incomplete coverage of the beliefs that matter for prices, or components that are
not part of marginal-investor expectations. The empirical interpretation therefore depends on
how proxy error affects the objects in Section 1.4. Section 1.2.9 introduced the measurement-
error taxonomy used here. Measurement error does not have one universal effect. Additive
classical noise inflates the variance of the measured belief-bias object, while attenuating cor-
relations and projection coefficients. Signal attenuation and incomplete-proxy models work
differently: they can make the measured proxy understate the magnitude of the underlying

belief component.

This distinction is important for interpreting B, ... The scale statistic is not automatically

conservative. If a generic observed proxy is

Ci+1 = CoFtr + Uit

with u;, 1 additive classical noise, then the measured numerator of By, includes noise vari-
ance. The empirical proxy C,ffl) in this paper is one such measured object; the formula above
describes the abstract measurement-error model of Section 1.2.9, not a literal decomposition
of (®) into known signal and noise components. In that case, measurement error can raise
the measured scale ratio. But the same noise pushes news correlations, forecast correlations,
and projection slopes toward zero. Thus the sign evidence is harder, not easier, to obtain under

additive noise.

The reliability evidence addresses this concern in two ways. First, the results are not based
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on a single analyst measure. The negative news correlation, positive forecast comovement,
and slope non-rejection appear across CBR, LTG, and STR, even though the three proxies
use different forecast inputs and horizons. Second, cross-proxy reliability diagnostics show
that the baseline belief measure contains a substantial common component rather than only
idiosyncratic analyst noise. For the CBR proxy, the cross-proxy reliability lower bound is 0.865,

indicating a substantial common component across belief measures.’

The main lesson is that measurement error changes the interpretation of magnitudes, but
it does not naturally explain the sign pattern. Additive noise can inflate B, so I do not
treat the scale ratio as a structural share. But additive noise would also attenuate the negative
news correlation and the positive forecast correlation. The fact that the predicted signs appear
across three different proxies therefore weighs against the view that the results are driven only

by idiosyncratic analyst noise.

T use the reliability corrections as supporting evidence, not as the main identification argu-
ment. They require assumptions about the measurement-error structure, and different struc-
tures imply different corrections. The central empirical claim is more modest: the measured
belief-bias proxies are sufficiently reliable to produce a consistent sign, scale, and forecast-
comovement pattern, and the remaining subsections test whether that pattern is explained by

specific alternative channels.

° The signal-attenuation exercise implies a critical reliability threshold of 0.584: above this threshold, the esti-
mated behavioral signal remains economically meaningful after correcting for attenuation. Appendix A.7 reports
the full reliability diagnostics and measurement-error corrections.
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1.6.2 Price-Inference Robustness

A second concern is that analyst revisions may partly reflect information inferred from prices.
If analysts update their forecasts after observing price movements, the belief proxy could me-
chanically inherit information from the same valuation movements used to construct risk
premium news. This would weaken the interpretation of the negative news correlation as

evidence of biased cash-flow beliefs.

I test this concern by removing the component of the belief proxy that is linearly related
to the contemporaneous price-dividend ratio. For each proxy j, I form a residualized revision
that subtracts a fraction ¢ of the projection on pd;, with ¢ € [0,1]. The case ¢ = 0 is the
baseline. The case ¢ = 1 removes the full contemporaneous price-dividend projection. If the
main results are driven by analysts mechanically inferring beliefs from prices through this

channel, the sign, scale, or slope evidence should weaken as ¢ increases.

The results are essentially unchanged. Table 1.6 reports baseline (¢ = 0) and fully or-
thogonalized (¢ = 1) values for all three proxies. For CBR, moving from ¢ = 0 to ¢ = 1
changes B, from 0.3415 to 0.3413, changes the news correlation from —0.1068 to —0.1058,
and changes the slope-test bootstrap p-value from 0.6657 to 0.6927. The LTG and STR proxies
show the same flat pattern. Removing the entire contemporaneous price-dividend projection

therefore leaves the core sign, scale, and slope evidence intact.

This exercise does not rule out every form of price-related information in analyst fore-
casts. Analysts may use prices together with other information, and price inference may occur
through nonlinear or lagged channels. The test instead rules out a specific and direct concern:

that the measured belief-news relation is driven by the contemporaneous price-dividend com-

51



Table 1.6: Price-Inference Robustness

Proxy 10) Bicale News Wobs Slope Ppoot
Correlation
CBR 0 0.3415 —0.1068 8.9176 0.6657
CBR 1 0.3413 —0.1058 8.3155 0.6927
LTG 0 0.2800 —0.1070 15.7595 0.3440
LTG 1 0.2799 —0.1064 15.3623 0.3570
STR 0 0.3350 —0.0997 9.0343 0.6802
STR 1 0.3349 —0.0991 8.7276 0.6932

Notes: The table reports baseline (¢ = 0) and fully orthogonalized (¢ = 1) results from the price-inference
exercise. At ¢ = 1, the contemporaneous price-dividend projection is fully removed from the behavioral cash-
flow news proxy. Bicle is the variance ratio in equation (1.10), “News Correlation” is the correlation between
N}({I)g and ¢(B), Wy, is the observed slope-test Wald statistic, and slope ppoot is the null-imposed bootstrap p-
value. Bootstrap inference uses the procedure described in Section 1.3.6 with B = 2,000 replications. Slight
differences from the Table 1.3 baseline reflect bootstrap sampling noise.

ponent of analyst revisions. In the data, that component is empirically small.

1.6.3 Adversarial Residuals

A third concern is omitted rational risk premium news. Equation (1.3) allows a residual rational
component, N ;’;’t 41, to coexist with the belief-driven component. If this residual component
is correlated with measured belief-bias news, the observed news correlation may combine be-
havioral belief news with rational expected-return news. I therefore ask how large an omitted

residual component would need to be to weaken or erase the baseline relation.

I consider two adversarial exercises. The first adds generic residual variation that is or-

thogonal to the measured belief-bias innovation. Let
d (r)
Nia%;,tﬂ = NRTP,H-I T K Wi,

52



where w; 1 is orthogonal to the innovation vector used in the VAR and normalized to have
unit variance. This exercise asks how much unrelated residual news must be added before the

correlation between N2% and ((®) becomes small.

The answer is that generic residual variation must be large. To cut the absolute value of

the baseline correlation in half, the required residual volatility is

K*Jo(Npp) = V3 ~ 1.73,

independent of the proxy. To push the absolute correlation below 0.025, the required residual
volatility is about four times the volatility of measured risk premium news: 4.15 for CBR, 4.16
for LTG, and 3.86 for STR. Generic orthogonal-residual news therefore cannot easily erase the

relation unless it is several times as volatile as the measured object.

The second exercise allows a more targeted adversary. Instead of being orthogonal to the
measured belief-bias innovation, the residual component is allowed to be aligned with it while
remaining orthogonal to the state variables. This is a much harder test because a residual that
is deliberately correlated with () can directly offset the baseline relation. In this case, only
about 1% of the variance of measured risk premium news is enough to drive the correlation to

zero: 1.14% for CBR, 1.14% for LTG, and 0.99% for STR.

These two exercises give a useful boundary. The belief-news relation is robust to generic
orthogonal dilution, while a belief-aligned residual is the natural structured alternative that
remains hardest to rule out. This is not a defect of the test. It states exactly what the empirical
design can and cannot rule out. The evidence rejects the idea that a small amount of unrelated
rational residual news mechanically explains the baseline relation. It cannot reject a structured

rational-news component that is specifically aligned against measured belief-bias news.
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Appendices A.8.2 and A.8.3 give the closed-form calculations and bootstrap intervals for
Versions A and B, respectively. Appendix A.8.4 reports an adversarial frontier that interpolates
between the two cases. The frontier shows how quickly the required residual variance falls as

the adversary becomes more correlated with the belief-bias innovation.

1.6.4 Robustness Evidence and Remaining Alternatives

The robustness evidence rules out the most direct mechanical versions of several alterna-
tive explanations. The results are not driven by one analyst proxy: the sign, scale, forecast-
comovement, and slope evidence appears across CBR, LTG, and STR. They are not driven by
the contemporaneous price-dividend component of analyst revisions: removing the full pd;-
projection leaves the main estimates essentially unchanged. They are also not easily erased
by generic omitted rational news: an orthogonal residual component must be several times as
volatile as measured risk premium news to drive the baseline correlation close to zero. Ap-
pendix A.6.8 shows that the main sign and slope evidence is stable across alternative state
vectors and lag orders, although the scale statistic is more sensitive to the news-construction

technology.

The evidence does not rule out every structured alternative. In particular, a residual
rational-news component that is specifically aligned with measured belief-bias news is able to
weaken or erase the correlation with a much smaller variance budget. This is why the paper’s
claim is a component claim rather than an exclusivity claim. The evidence shows that risk
premium news contains a belief-driven component; it does not show that risk premium news

contains only belief-driven news.
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Under partial arbitrage, Proposition 2 gives:

AT - *,T7
NRP,tH - NRP,t+1 —A CCF,tJrl'

The empirical exercises support the presence of the second term, while allowing the first term
to remain important. Appendix A.8.5 reports a calibration of the partial-arbitrage loading. The
point estimates are around 0.17-0.20, but the confidence intervals are wide, so I interpret them

as calibration evidence rather than as precise structural estimates.

Taken together, Sections 1.4-1.6 support a qualified interpretation. The aggregate time-
series evidence points consistently toward a belief-driven component in risk premium news.
The matrix and horizon diagnostics show that exact pointwise equality is too strong. The
robustness exercises show that the relation is not a mechanical artifact of proxy noise, con-
temporaneous price inference, or small generic residual news. The remaining interpretation
is the one implied by the broader theory: biased cash-flow beliefs are an empirically impor-
tant component of risk premium news, alongside residual rational news, partial arbitrage, and

measurement error.

The next section, Section 1.7, asks whether the same pattern appears beyond the aggre-
gate time series. It studies cross-sectional evidence and decomposes the market-level belief

proxy into common belief movements and size-weighted reallocation across firms.

1.7 Cross-Sectional and Mechanism Evidence

The evidence so far is aggregate. This section asks whether the same belief-news relation

appears beyond the market-level time series and what kind of belief movement drives the
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aggregate proxy. The goal is not to replace the aggregate evidence in Sections 1.4-1.6. It is to
show whether the same sign pattern is visible across portfolios and whether the market-level
belief revision reflects common belief movements, size-weighted reallocation across firms, or

both.

1.7.1 Portfolio-Level and Sorting Evidence

I first examine the belief-news relation across the 25 Fama-French size-by-book-to-market
portfolios (FF25) (Fama and French 1993). For each portfolio, I replace the market excess return
in the baseline forecasting system with the portfolio excess return and re-estimate the VAR.
The remaining state variables — the risk-free rate, aggregate belief revision, aggregate belief
level, market price-dividend ratio, and term spread — remain at the aggregate level. Thus
portfolio-level risk premium news varies across cells, while the belief-bias news series is the
same aggregate (%) used in the market-level tests. The aggregate belief proxy is built from
Institutional Brokers’ Estimate System (IBES) analyst forecasts; portfolio-level decompositions
are not used in the main analysis because IBES coverage is too thin in many size-by-book-to-

10

market cells."” The exercise asks which portfolios’ risk premium news is most exposed to

aggregate belief-bias news.

Figure 1.2 reports the correlation between portfolio-level risk premium news and aggre-
gate belief-bias news. The predicted negative sign appears in 19 of the 25 portfolios. The six

positive cells are concentrated in the largest two size quintiles and the middle three book-to-

10 A fully portfolio-specific belief decomposition would require constructing Vl(ﬁ), 771(,5), and Cz(ﬁ) separately

within each FF25 portfolio. In the CBR data, only 10 of 25 cells have a median of at least 10 IBES-covered firms per
month, while 12 cells, mostly small-cap portfolios, have median coverage of two firms or fewer. Portfolio-level
belief proxies in those cells would be dominated by individual-firm noise. The FF25 exercise below therefore
keeps the belief-bias news series aggregate and asks whether portfolio-level risk premium news is exposed to the
aggregate belief-bias shock.
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market quintiles. The pattern is therefore not uniform, but it is broad: most portfolios display
the same negative relation between risk premium news and aggregate belief-bias news that

appears in the market-level time series.

The portfolio-level slope restrictions are also consistent with the aggregate evidence.
None of the 25 portfolio-level slope tests rejects under the bootstrap. I interpret this result
cautiously. Portfolio-level tests are noisy, and failure to reject is not proof of exact equality in
each portfolio. The useful fact is that the cross-section does not show a systematic pattern of

rejections that would contradict the aggregate slope evidence.

I also examine sorting evidence designed to ask where the belief-news relation is stronger.
The sorting results are directionally consistent with the behavioral channel but imprecisely
estimated. The high-minus-low LTG tercile spread is —0.497, and the high-minus-low analyst-
coverage spread is —0.354. Both have the predicted sign: portfolios where belief measurement
or belief disagreement should matter more display more negative belief-news relations. But
the confidence intervals are wide, so I treat these spreads as mechanism evidence rather than

as independent identification.

The cross-sectional evidence broadens the aggregate result. The predicted sign appears in
most size-by-book-to-market portfolios, and the sorting spreads point in the expected direc-
tion. This breadth matters because the aggregate relation is not confined to a single market-
level return-news construction. Instead, aggregate belief-bias news is related to risk premium
news across many portfolio return-news objects. I therefore interpret the cross-section as

supportive evidence that the belief-news relation is a broad feature of equity returns.
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Figure 1.2: Portfolio-Level Belief-News Diagnostics

Panel A: News Correlation

= 0.0

Correlation

Size Quintile (Small — Big)

4 -0.09 +0.01 +0.01 +0.08 -0.08

5 -0.34 +0.10

Book-to-Market Quintile (Growth — Value)

Panel B: Slope-Test Bootstrap p-Value

0.66 5 1.0

0.8

o
N

o
=
Bootstrap p-value

Size Quintile (Small — Big)

=02

= 0.0

Book-to-Market Quintile (Growth — Value)

Notes: This figure reports two FF25 portfolio-level diagnostics across the 25 Fama—French size-by-book-to-market
portfolios. For each cell, the VAR replaces the market excess return with the portfolio excess return while keeping
the remaining state variables at the aggregate level. Rows correspond to size quintiles and columns correspond
to book-to-market quintiles. Panel A reports the correlation between portfolio-level risk premium news and
aggregate empirical belief-bias news; negative values indicate the sign predicted by the belief-driven risk pre-
mium news channel. Panel B reports the bootstrap p-value for the 1-step slope test ejI' = e4I" in each cell.
Appendix A.9 reports the full portfolio-level table and bootstrap inference.
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1.7.2 Level vs. Reallocation

The market-level belief revision is value weighted. It can therefore move because the average
firm revises beliefs, or because belief revisions are concentrated among firms with larger mar-
ket weights. I decompose the aggregate revision into these two components. Let LEVEL, de-
note the equal-weighted average firm-level revision, and let CSCOV, denote the size-weighted

reallocation component. Then the value-weighted aggregate revision can be written as

v®) = LEVEL, + CSCOV.

The first term captures common movement in firm-level belief revisions. The second term

captures whether revisions are concentrated among firms with high market weights.

Table 1.7 reports the correlation of each component with risk premium news. The de-
composition exactly reconstructs the market-level belief-revision series used in the aggregate
tests. It therefore asks where the aggregate relation with risk premium news comes from:

common belief movement, size-weighted reallocation, or both.

The decomposition shows that the mechanism differs across proxies. For LTG, the aggre-
gate relation is almost entirely a common level effect: the level component accounts for 97.86%
of the aggregate covariance with risk premium news, while the reallocation component ac-
counts for only 2.14%. This is consistent with LTG capturing broad movements in long-run

growth expectations.

For STR, the pattern is different. The reallocation component has a much stronger neg-
ative correlation with risk premium news, —0.1106, and accounts for 69.77% of the aggregate

covariance. The level component is small and weakly related to risk premium news. Thus, for
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Table 1.7: Decomposition of the Aggregate Belief Revision: Level vs. Reallocation

Correlation with N g ;, Covariance Share (%)
Proxy LEVEL Ccscov LEVEL CSscov
CBR —0.0462 —0.1133 54.50 45.50
(—0.7951) (—1.9889)
LTG —0.0680 —0.0219 97.86 2.14
(—1.2804) (—0.5185)
STR —0.0184 —0.1106 30.23 69.77
(—0.3320) (—2.0041)

Notes: The table decomposes the market-level analyst revision into an equal-weighted level component, LEVEL,
and a size-weighted cross-sectional reallocation component, CSCOV. The first block reports the correlation of
each component with rational risk premium news N 1({ 1)3, with Newey—-West ¢-statistics in parentheses below each
point estimate. The second block reports each component’s contribution to the aggregate covariance between
v(B) and N I({I)D (not variance shares). Appendix A.9 reports the full decomposition and reconstruction checks.

the short-term revision proxy, the aggregate relation comes primarily from where revisions

occur in the size-weighted cross-section, not from a common revision by the average firm.

CBR lies between these two cases. The reallocation component has the stronger marginal
correlation with risk premium news, —0.1133 compared with —0.0462 for the level component.
But the covariance contribution is roughly split: 54.50% from the level component and 45.50%
from reallocation. The reason is that the level component has much larger variance, so a

smaller correlation can still contribute substantially to the aggregate covariance.

The main lesson is that the aggregate belief proxy is not merely a uniform market-wide
optimism shock. It reflects both common belief movements and heterogeneous reallocation
across firms, with the mix depending on the forecast horizon and proxy construction. LTG
is primarily a level movement, STR is primarily a reallocation movement, and CBR combines
both. This mechanism evidence complements the aggregate time-series results by showing

how firm-level belief revisions aggregate into the market-level object used in the main tests.
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1.7.3 Cross-Sectional Breadth and Mechanism

The cross-section strengthens the aggregate evidence along two dimensions. First, the pre-
dicted relation appears across many portfolio return-news objects, not only in the market re-
turn. The FF25 evidence therefore shows that aggregate belief-bias news is related to risk pre-
mium news across a broad part of the equity cross-section. Second, the level-vs.-reallocation
decomposition shows that the market-level belief proxy reflects economically meaningful
firm-level variation: common belief movements, size-weighted reallocation across firms, or

both, depending on the proxy.

Sections 1.4-1.7 support the paper’s main conclusion. Risk premium news contains an
empirically detectable belief-driven component. The evidence does not imply that all risk
premium news is behavioral, or that measured analyst revisions perfectly capture marginal-
investor beliefs. Instead, biased cash-flow beliefs are one economically important component

of the object that standard return decompositions call risk premium news.

1.8 Conclusion

Risk premium news is a central object in empirical asset pricing. It is usually read as news
about discount rates or expected returns. This paper asks how that interpretation changes
when prices partly reflect biased beliefs about future cash flows. The answer is that the ac-
counting object remains the same, but its economic content can change. Risk premium news

can contain a belief-driven component.

The theory makes this point directly. In the sharp behavioral-pricing benchmark, rational
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risk premium news equals the negative of unexpected cash-flow belief bias. A rational econo-
metrician who omits the belief wedge attributes the resulting price movement to expected-
return news. With partial arbitrage, the same logic survives with attenuation: risk premium
news contains a belief-driven component alongside residual rational expected-return news.
The key point is interpretive, not accounting. The Campbell and Ammer (1993) decomposi-
tion remains valid, but the meaning of one term depends on whether omitted belief distortions

move prices.

The empirical evidence supports this interpretation. Using target-date-aligned analyst
forecast revisions, I construct three proxies for cash-flow belief revisions and compare the
implied belief-bias news to rational risk premium news. Across the CBR, LTG, and STR prox-
ies, belief-bias news is negatively correlated with risk premium news, with correlations near
—0.10. The measured belief-bias object has meaningful scale: its variance is 0.28-0.34 of the
variance of risk premium news. Forecasts move in the predicted direction as well: fitted return
forecasts and fitted belief-revision forecasts comove positively, and 1-step slope restrictions are
not rejected for any proxy under the bootstrap. These results are not driven by a single analyst
measure, by contemporaneous price-dividend inference, or by small generic residual news.
The cross-section adds breadth and mechanism: the relation appears across many portfolio
return-news objects, and the aggregate belief proxy reflects both common belief movements

and heterogeneous reallocation across firms.

The evidence also clarifies the limits of the sharp benchmark. Exact pointwise equal-
ity between measured belief-bias news and risk premium news is too strong. Matrix wedges
are economically meaningful, and direct cumulative equality rejects at the 5-year horizon.
These failures are informative. They show that risk premium news is not only belief-driven

news. Residual rational expected-return variation, partial arbitrage, rate-belief components,
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and proxy error all matter. The paper’s conclusion is therefore a component claim, not an ex-
clusivity claim: biased cash-flow beliefs are an empirically detectable and economically mean-

ingful component of the object that standard decompositions call risk premium news.

This interpretation gives behavioral beliefs a direct role inside one of empirical asset
pricing’s central objects. Time-varying expected returns remain important, but the evidence
shows that part of what standard decompositions label as risk premium news is systematically
related to mistaken cash-flow beliefs. Risk premium news should therefore be read not only as
discount-rate news, but also as a channel through which behavioral valuation errors appear

in asset prices.
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Chapter 2

The Psychology of Macroeconomic Expectations

with Pedro Bordalo, Nicola Gennaioli, Florencio Lopez-de-Silanes, Andrei Shleifer, and Maarten van Rooij

Chapter Summary

We present a model of “animal spirits” in which context and emotions affect macroeco-
nomic beliefs by shaping which experiences people recall to simulate similar future aggregate
states. We test this mechanism by priming Dutch National Bank Survey respondents to recall
personal financial or health adversities before eliciting inflation and home price expectations.
The treatment causes instability in beliefs and reasoning tied to the measured similarity of the
primed experiences to different macroeconomic states. This similarity structure also accounts
for heterogeneity in beliefs and reasoning based on a range of other personal experiences we
measure. The model micro-founds several features of macroeconomic beliefs, including nar-
ratives, and yields a “confidence multiplier”: spending by some agents cues optimistic context

for others, raising their spending.
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2.1 Introduction

In the Treatise on Probability (1921), Keynes argued that beliefs over an uncertain future re-
flect unstable weighting of evidence, not a strict probabilistic calculus. In The General Theory
(1936), he further stressed that economic decisions depend on confidence and emotions, also
called “animal spirits” Many papers in macroeconomics and finance document the role of sen-
timent or confidence (e.g., Lee et al. 1991; Ludvigson 2004; Baker and Wurgler 2006; Barsky
and Sims 2012; Blanchard et al. 2013; Shapiro et al. 2022) and relate them to narratives (Shiller
2019a). Yet existing rational and behavioral models view beliefs as a stable function of news,
leaving concepts like sentiment or confidence “amorphous” (Mankiw 2009). How can purely

psychological states shift beliefs in the absence of news and, if so, through what mechanism?

We propose and test a model of mnemonic expectations in which, following Bordalo et al.
(2023, 2025a), a salient cue causes retrieval of similar experiences from memory, which are
then used to simulate the future, shaping beliefs. The cue includes the forecasting task, such
as inflation, but also emotions and experiences currently top-of-mind. The forecasting task
then cues recall of similar Domain-Specific (DS) experiences such as past inflation, which
directly help simulate similar future inflation states. Current negative emotion cues the recall
of similar Non-Domain-Specific (NDS) experiences, such as personal financial distress. These
NDS experiences affect beliefs analogically, helping simulate similarly bad future inflation
states. In a nutshell, mental states influence beliefs by altering the set of recalled experiences

used for imagining the future.

The model yields sharp, testable predictions that link the heterogeneity of beliefs across

people (due to different experiences and similarity perceptions) to the instability of beliefs from
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changing cues. We test these predictions using a novel survey experiment on more than 4,000
households in the Dutch National Bank Household Survey (DHS). Motivating evidence shows
that households experiencing worse financial or health conditions report higher expected in-
flation and home price growth, consistent with the role of NDS experiences documented by
Cenzon (2025) and Taubinsky et al. (2024). Because such experiences are uninformative about

aggregate conditions, this evidence points to non-statistical drivers of beliefs.

We take the next step and causally test the role of memory. Before eliciting inflation and
home price growth expectations, we randomly prime respondents to recall a personal financial
or health adversity. We then measure a respondent’s (i) additional NDS experiences, (ii) their
perceived similarity to high inflation and home price growth, (iii) backcasts, and (iv) reasons
for the forecasts. The design isolates memory from information: priming an NDS experience
is irrelevant with full recall and does not convey news about the target aggregate variable.
Any effect must reflect a change in mental context. Associative memory further implies that
priming one experience cascades into recall of other similar ones, allowing us to trace how

cues reshape recall and the reasoning behind the forecasts, not only their numerical values.

The evidence supports four main predictions. The first is similarity-based experience
effects: people with NDS experiences perceived as more similar to high inflation or home
price growth report higher expectations, exhibiting more pessimism than people who have
not lived such experiences. The second is similarity-based instability: people who are primed
to recall a lived NDS adversity are more pessimistic than comparable individuals who are not
primed. Third, priming financial adversities affects beliefs more strongly than priming health
ones, consistent with the higher similarity of the former to bad macroeconomic states. Fourth,
and crucially, priming changes both recall and reasoning: it raises backcasts (consistent with

greater retrieval of similarly adverse DS experiences) and encourages reasoning focused on
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personal affordability concerns and negative emotions (consistent with greater retrieval of

adverse NDS experiences).

The effects are large. Priming shifts inflation (home price growth) beliefs up by 1.01 (1.08)
percentage points relative to a 5.46% (6.51%) average. Disagreement is also large: moving
across the interquartile range of NDS experiences raises these beliefs by 0.74 (0.91) percentage
points, comparable to observed disagreement among key socio-demographic groups (Weber

et al. 2022).

We provide a micro-founded and testable account of “animal spirits,” sentiment, and nar-
ratives as drivers of macroeconomic beliefs that are independent of news or stable tastes. This
mechanism unifies several observations, including: (i) the role of NDS experiences (Cenzon
2025; Taubinsky et al. 2024), which we identify causally, (ii) insensitivity to statistical informa-
tion (Sims 2003), (iii) average bias in inflation forecasts (Weber et al. 2022), (iv) overreaction
to salient inflation changes (Bonaglia et al. 2025; Gennaioli et al. 2025; Link et al. 2023), and
(v) strong distaste of inflation due to its mental association with personal financial distress.
Idiosyncratic mental states also explain belief disagreement by agents exposed to similar in-
flation news or gas prices (Schwartzstein and Sunderam 2021; Andre et al. 2022; Shiller 2019a;

Andre et al. 2024).

The implications of memory go beyond our causal experiment. It is well known that ex-
pectations matter for economic choices (Dominitz and Manski 2007; Armona et al. 2019; Bailey
et al. 2019; Giglio et al. 2021; Coibion et al. 2023; Jiang et al. 2025) including due to NDS expe-
riences (Cenzon 2025; Taubinsky et al. 2024). Our mechanism implies that persistent interper-
sonal differences in behavior can arise from belief disagreement due to different experiences

and personal contexts. In line with Das et al. (2020), memory predicts more pessimism by peo-
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ple with worse socioeconomic status, who likely experience both more adversities and more

negative context, with non-trivial allocative consequences.

Memory also generates amplification: a bad shock carries not only bad news but also
negative context, triggering recall of related adverse macroeconomic or personal experiences.
Due to these recall spillovers, beliefs overreact to the shock. Memory also implies a “confi-
dence multiplier”: because one agent’s actions serve as cues for others, higher consumption
by one person cues optimism for others, encouraging their spending in line with Bellifemine
et al. (2025). Memory offers a new mechanism for demand fluctuations due to self-sustaining

changes in confidence (Akerlof and Shiller 2009; Lorenzoni 2009; Angeletos and La’O 2013).

Existing models of expectations rely on stable news processing or tastes. Theories of
under- and over-reaction assume stable mis-specified models (e.g., Barberis et al. 1998; Mankiw
and Reis 2002; Sims 2003; Woodford 2003; Fuster et al. 2010; Gabaix 2014; Angeletos et al. 2021).
Models of disagreement trace it to different models or priors. Malmendier and Nagel (2011,
2016) model Bayesian learning from personal DS experiences. Another body of work stresses
motives: distortions in news processing due to a stable preference for robustness (Hansen and
Sargent 2010) or wishful thinking (Brunnermeier and Parker 2005). These approaches cannot
explain why priming a personal adversity changes beliefs and reasoning without providing
any information and via spurious similarity. A memory model in which beliefs reflect what is

top of mind is needed to account for the data.

Section 2.2 presents motivating evidence. Section 2.3 develops the model. Section 2.4
describes the experiment. Section 2.5 tests the model. Section 2.6 discusses implications. Sec-

tion 2.7 concludes.

68



2.2 Motivating Evidence

2.2.1 The DNB Household Survey

The DNB Household Survey (DHS) has been conducted annually since 1993 by CentERdata
at Tilburg University. Each wave surveys personal circumstances and perceptions of more
than 2,000 Dutch households, along with their financial and demographic information (51%
of households participate for three years or more). Survey expectations cover retirement age,
household income, mortgage rates, and our macroeconomic variables of interest: inflation and

home price growth. We focus on the 2012-2022 surveys to avoid the financial crisis period.

We elicit a household’s modal inflation expectations using the DHS question: “What do
you think is the most likely (consumer) price increase over the next twelve months?” Subjects
choose a value between 0% and 10%. For the growth of home prices, the survey asks: “What
do you expect the prices of homes in the next two years will do? Will the prices rise, fall or stay

about the same? By how many percent per year on average will prices [rise / fall]?”

The DHS measures various personal circumstances through demographics such as age,
gender, relationship status, occupation (employed, self-employed, student, retired), income,
accommodation (tenant, subtenant, owner), and urbanization, which are known to predict
macroeconomic beliefs (e.g., Das et al. 2020). These proxies do not identify a mechanism,
so we use them as controls. We also control for numeracy, proxied by standard probability

questions.

Other questions measure personal experiences and attitudes, mostly in five domains:

health status, happiness, financial status, risk taking, and experience with financial manage-
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ment. We focus on a person’s health and financial status, which are directly linked to personal
experiences, offering clear guidance for our experimental manipulation. We construct a Health
Adversity index by averaging a respondent’s z-standardized answers to: “How is your health
in general?” (1: excellent; 5: poor), and “How many times did you contact your general practi-
tioner about your own health in the previous year?” We construct a Financial Adversity index
by averaging z-standardized answers to questions such as: “How well can you manage on the
total income of your household?” (1: very easy; 5: very hard), or “Have you, in the previous year,
consulted with your bank or financial institution, because you had or expected payment problems
with the repayment of a loan or mortgage?” For both indices, a higher value implies a worse

state.!

2.2.2 Personal Adversities and Macroeconomic Beliefs

Table 2.1 reports non-causal regressions of inflation and home price growth beliefs on the
adversity indices, controlling for time dummies in columns (1) and (3), and additionally for
demographics in columns (2) and (4). Our DHS sample covers the years 2012-2022. Health
and financial adversities are correlated with sharply higher expectations of inflation (column
1) and home price growth (column 3). Results are robust to demographic controls for infla-
tion (column 2), but financial adversity loses significance for home price growth (column 4).

Financial experiences matter more for inflation and home price growth than health ones.?

! Appendix B.2 reports the questions in the Financial Adversity index. Some include near-future outcomes, such
as “Do you think the expenditures of your household, in the next 12 months, will be higher, about the same, or
lower than the income of your household?” Table 2.1 is robust to removing such questions (which may depend on
macroeconomic beliefs).

2 Higher education, student status, income, and homeownership are negatively correlated with expected inflation.

Age, rural residence, and homeownership are negatively correlated with expected home price growth. Column
(4) is robust to controlling for perceived home price increase (positive and significant coefficient).
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Table 2.1: Adversity and Macroeconomic Beliefs in the DHS

Inflation Home Price Growth

(1) (2) (3) 4)
Health Adversity 0.0803***  0.0583**  0.0393"**  0.0302**
(0.0189)  (0.0187)  (0.0128)  (0.0138)

Financial Adversity 0.3043"**  0.2413"*  0.0614™**  0.0223
(0.0238)  (0.0259)  (0.0222)  (0.0244)

N 22,081 19,852 17,928 16,504
Controls No Yes No Yes
Year FE Yes Yes Yes Yes
R? 0.0311 0.0476 0.0016 0.0203

Notes: This table reports OLS regressions of standardized inflation and home price growth beliefs on two
individual-level adversity measures: health adversity and financial adversity (higher values indicate worse health
or financial conditions). Dependent variables are standardized within survey year; adversity indices are standard-
ized across the pooled sample. Columns (1) and (2) focus on inflation; columns (3) and (4) on home price growth.
Controls include age, gender, education, occupation, urbanization, household income, housing status, numeracy,
and relationship status. All specifications include survey-year fixed effects and province fixed effects (not shown).
Standard errors clustered at the individual level in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, *
p < 0.10.

In columns (2) and (4), a 1-standard-deviation increase in financial (health) adversity en-
tails a 0.24 (0.06) SD increase in inflation forecasts and a 0.02 (0.03) SD increase in home price
growth forecasts. These are large magnitudes, for example, a 0.51 p.p. increase in expected in-
flation relative to a 3.05% baseline associated with a financial adversity, and a 0.15 p.p. increase
in expected home price growth relative to a 1.84% baseline associated with a health adversity.’
It would be hard to get comparable disagreement from domain-specific experiences such as
historical inflation, which varies only across cohorts, or from food or gas prices (Kuchler and

Zafar 2019; Coibion et al. 2022), which are largely common across people.

% The sample mean (SD) of inflation expectations is 3.05% (2.13); that for home price growth ones is 1.84% (4.90).
Thus, a 1-standard-deviation increase in financial adversity entails a 0.24 SD increase in inflation, equivalent to
0.51 p.p. (= 0.2413 x 2.13 p.p.). For home price growth, health adversity yields a 0.15 p.p. effect (= 0.0302 x 4.90

p-p)-
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This explanatory power does not come from aggregate economic conditions, which are
controlled for with time dummies. Individual-level variation in adversities is uninformative
about future inflation and home price growth, rejecting information channels as previously
shown by Cenzon (2025) and Taubinsky et al. (2024).* The evidence is also at odds with canon-
ical rational or behavioral models, in which beliefs depend on statistical data. Personal events
may correlate with access to news, but this may explain higher noise in beliefs, not systematic

pessimism.

The evidence is consistent with Keynes’ idea that macroeconomic beliefs and confidence
embed psychological states, not just a statistical calculus. One explanation is motivated beliefs:
people prepare for their worst-case scenario (Hansen and Sargent 2010; Bhandari et al. 2025), to
an extent that depends on their exposure to inflation or home price risk. Another explanation is
memory: when thinking about inflation or home prices, people retrieve experiences, including
wholly personal ones. The features of these experiences, including their emotions, help people

imagine specific macroeconomic outcomes, depending on their similarity.

We causally test memory by priming recall of personal adversities without giving any
news. This intervention should have no effect in models relying on a correct or distorted
statistical calculus, including Bayesian learning from experiences (Malmendier and Nagel 2011,
2016), or in models of beliefs tainted by preferences, including for robustness (Hansen and
Sargent 2010) or wishful thinking (Brunnermeier and Parker 2005). Stable tastes cannot be
affected by uninformative recall interventions. Critically, our primary goal is not to reject

existing models but to test a rich set of memory predictions based on measured experiences,

* Also in the DHS, personal adversities do not predict macroeconomic states (see Appendix B.2). Results are
robust to exclusion of Financial Adversities proxies related to macroeconomic states, e.g., whether expenditures
are expected to outpace income.
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similarity, and reasoning. Bordalo et al. (2025a) study these predictions in novel domains (e.g.,
a large-scale cyberattack). Here we focus on macroeconomic domains in which people have
many direct experiences and information. Relative to Cenzon (2025) and Taubinsky et al.
(2024), we causally identify memory by priming recall of different experiences, by studying the
role of similarity, of the broader memory database, and of reasoning. Compared to motivated
beliefs, which depend on unobserved tastes, the structure of memory can be measured and

linked to clear new predictions.

2.3 Selective Memory and Belief Formation

We rely on the psychology of selective retrieval (Kahana 2012) and of mnemonic simulation
of the future (Hassabis et al. 2007). We formalize these ingredients and then study their impli-

cations for inflation and home price growth expectations.

2.3.1 The Setup

The database is a frequency distribution n = {n.}.cp over categories of experiences ¢ € E,
where n. is the number of lived experiences in category e and E is a memory space. e is a
vector e = (z,v,c) where © € R is a realization, an objective marker of the experience (e.g.,
realized inflation or its forecast in the news), v € R is the emotion associated with it, which

plays a key role in memory encoding and retrieval (Kensinger 2009), and c is context.

Context belongs to a metric space C' and partitions experiences semantically, C' = Cy; U
C, where ¢ € Cy\ and ¢ € (), capture macroeconomic and personal contexts, respectively.

Macroeconomic context separates inflation experiences, ¢ € Cp, from home price growth
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ones, ¢ € Cr (so Crp U Cr C Cy). Personal context separates financial experiences, ¢ € C,
from health ones, ¢ € C}, (so Cy U (), € C,). As we show later, context separates DS from

NDS experiences.’

Retrieval is triggered by a cue g, which is a subset (24, vy, ¢,) of E. Retrieval of ¢ € E
depends on its similarity to g, its frequency, and interference from other experiences. Given a

similarity function S(e, ¢), the probability of recalling e based on ¢ and database n is:

S(e,q) - ne

e'€E S(€,q) - ne .

re(g;n) = 5 (2.1)

The numerator captures associativity and frequency: experiences more similar to the cue
and more frequently lived are more likely to be recalled. The denominator captures interfer-
ence: even if e is similar to ¢ and frequent, its recall can be blocked by an experience ¢’ # ¢
that is even more similar to ¢ or more frequent. These forces have been used to study the role
of memory for expectations (Bordalo et al. 2023, 2025a; Taubinsky et al. 2024; Cenzon 2025;
Bonaglia et al. 2025), consumer choice (Bordalo et al. 2020), and advertising (Bordalo et al.

2025b).

Simulation maps retrieved experiences into a forecast. Consider a person who forms a
point estimate of inflation E(7) or home price growth E(+y). The forecasting task is also a cue,
denoted by tr = (R, 0, ¢r) with T' = II for inflation and 7" = T" for home price growth. The
first entry in the task is any possible inflation or home price growth rate in R. The second

entry, valence, is neutral, v = 0. The third entry is the task’s domain, inflation cy; or home

5 Categories arise because people store similar events together (e.g., they do not distinguish in memory between
2.9% and 2.8% inflation). Categories can be highly specific if the context defining them is granular, for instance
inflation in 1971 may be a separate category from that in 1972. Not fully granular categories simplify the formal
analysis.
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price growth cp.

The task’s context distinguishes between DS and NDS experiences. In task ¢z, the DS ex-
periences are vectors e = (7, v, ¢y) € E having the forecasting context cr and its realizations
7 = = for inflation and 7 = ~ for home price growth (possibly broadened to prices of specific
goods or homes). The context of NDS experiences is instead incongruent with the task, ¢ # cy:

a past illness is NDS for inflation or home price growth (but DS for own health).

A simulation function projects, for a given task ¢, the features of a generic experience e

onto a point estimate, formally o : {t;,tr} X F — R, where we use the shorthand:

or(e) = o(tr,e), T=T1IT. (2.2)

Beliefs are then formed by retrieving experiences from E based on the cue ¢ (equa-
tion (2.1)) and then using them to simulate the future (equation (2.2)). The cue is influenced by
an experience € € I the agent is thinking about, for instance an illness or a recent op-ed on
inflation she read; € pollutes the valence and context of the task ¢, while leaving the inflation

or home price space of realizations R unaffected. Formally, the cue is given by:*

Qé,T == <R7 Ve, Cé)-

A probability distribution of thoughts, denoted by wr = {ws 1 }sek, induces a distribution

of cues when solving ¢, where w; 1 is the probability of cue g; r. Integrated across cues, the

® An alternative assumption is that the cue’s context retains also the context of the task, ce,7 = cr Ucs The
results also hold under this assumption, but the current formalization simplifies the algebra in the proofs.
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probability of recalling e € E in task {7 (and of using it for simulation) is then given by:

Te(wT,n) = Z%(%,T,n) s We T,
écE

where r.(gzr, n) follows equation (2.1). The average belief in task ¢7 is given by:

E(r|wr,n) = rdwr,n)-or(e), (2.3)

eeE

which is expected simulation across selectively retrieved experiences. Due to spontaneous re-
trieval and simulation, equation (2.3) offers a theory of macroeconomic beliefs and confidence
where, as in Keynes’ animal spirits, beliefs can depend on irrelevant emotions and context.
This is not so with standard models of expectations, which combine statistical priors and sig-
nals in an optimal or distorted, yet context-independent, way. Mnemonic beliefs are more
general: they are driven by similarity to past experiences and their frequency, which may be
informative DS experiences (Bordalo et al. 2018; Bonaglia et al. 2025; Bonaglia and Gennaioli
2025; Gennaioli et al. 2025) or uninformative NDS ones, which methodologically allow us to

identify mechanisms such as animal spirits and narratives.

To test this mechanism, we prime recall of a personal experience e, which triggers the
cue q., 7, changing the decision maker’s (DM) mental state. Memory makes a prediction very
different from standard reminder effects, which exclusively bring to mind previously forgotten
information (Karlan et al. 2016; Calzolari and Nardotto 2017). In our case, reminding a per-
son about an uninformative personal experience causes a similarity-based cascade that brings
to mind many other experiences that shape beliefs directly via simulation and indirectly by

crowding out other information.
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Existing work on “mental states” views emotions as boosters of optimism or pessimism
(Schwarz and Clore 1983; Loewenstein 2000; Damasio 1994; Sharot et al. 2007). Memory ex-
plains why this can occur via retrieved experiences and simulation based on similarity, offering
new measurement and tests. To highlight context effects most sharply, we prime uninforma-
tive NDS experiences. More generally, even DS experiences can act through context, yielding

new implications that we discuss in Section 2.6.

2.3.2 Beliefs, Experiences, and Priming Effects

Assumptions on Similarity S(e, ¢), Simulation o7 (e), and the Database. Following Nosofsky
(1986), similarity declines with dissonant contextual and valence features. Following Hassabis
et al. (2007) and Bordalo et al. (2025a), simulation projects the features of the experience into
a point estimate for task ¢, and more strongly so if the context of e is closer to the context
of the task 7'. These broad properties, which we later validate, drive our key predictions. To
obtain an intuitive characterization we make more specific assumptions (but prove general

results in Appendix B.1).

Assumption 1: Similarity. There is a K € (0,1/2) such that similarity between ¢ = (z,v, c)

and g = (x4, vy, ¢,) satisfies:

1 ifv-vy,>0andc € ¢,

S(e,q) =91— K ifeither v - vy, < 0or ¢ ¢ ¢, (but not both),

1-2K ifv-v,<0Oandc¢c,.

\

Similarity is maximal, equal to 1, if the valence and context of e are congruent with those
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of ¢ (i.e., ¢ € ¢, and they are both adversities v,v, < 0 or good times v, v, > 0). It drops
by K if one feature is incongruent, by 2K if both features are incongruent. Similarity could
be smoother and act also along the objective realization 7. What matters is that valence and
context create an associative hierarchy. A person cued with a personal financial adversity (i.e.,
vy < 0 from personal financial context cf) most easily recalls other financial adversities (two
congruent features), she next recalls non-financial adversities or good personal financial states
(one congruent feature), and she lastly recalls favorable non-financial events (zero congruent

features).

Assumption 2: Simulation. Simulation in task t7 = (R, 0, c¢r) based on experience e = (z,v, ¢)
satisfies:

or(e) = or + or(c) - v,

where 0 is a zero-valence default state. The sensitivity of simulation to valence satisfies o7(c) <
0 if a higher target realization T has lower valence and or(c) > 0 otherwise. Simulation is less

sensitive to valence if the discrepancy d(c, cr) between the target context cr and the experience’s

context c is larger, O|or(c)|/0d(c, cr) < 0. Congruent context entails full simulation, |or(cr)| =

1, with op(cy) = —1 when higher T is adverse and o (cr) = 1 otherwise.

Because high inflation has low valence, its simulation coefficient is negative, oy(c) < 0.
Thus, if the DM recalls a DS high inflation episode, she uses the episode’s low valence v < 0
to simulate a bad high inflation state. Crucially, even if the DM recalls past personal financial

troubles, an adverse NDS with v < 0, she can use its negative valence to imagine high inflation.

Unlike in motivated models, the valence of a future macroeconomic state does not me-
chanically link to the person’s current utility from such a state. Although high inflation and

home price growth may benefit current homeowners holding fixed-rate mortgages, these peo-
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ple may still view these macroeconomic states as bad due to their bad past experiences as wage-
earning renters, as well as due to social conventions about the valence of aggregate outcomes,
such as the concerns of many people about the affordability of goods and housing when their
prices increase rapidly. Key to unlocking the structure of simulation is then our measurement
in Section 2.4 of the perceived similarity of adverse experiences, including personal financial

distress, to macroeconomic states.

Critically, sensitivity to valence is full for a DS experience oy(cy) = —1, attenuated
for NDS personal financial ones, and even more attenuated for a less similar health one 0 >
on(cs) > on(ep) > —1. The same holds for home price growth, 0 > or(cf) > or(c,) >
or(cr) = —1. Highly dissimilar experiences with sharply incongruent context or no valence
(v = 0) inhibit simulation. In these cases, or(c) = 0 or v = 0, and the forecast anchors to
a neutral default such as a “normal” state or a random element in the response scale. Thus,
recalled DS and NDS experiences shape pessimism according to the similarity hierarchy in

Bordalo et al. (2025a).”

More broadly, and beyond assumed functional forms, the magnitude and sign of o7 (e) are
recovered from: (i) perceived similarity between the primed adversities and the target macroe-
conomic states, and (ii) “experience effects” of these adversities in our control condition. This
is sufficient to obtain a rich set of within and cross-domain restrictions on experience and

priming effects.

Consider finally the database. Let Cj be the set of contexts of valence-neutral experiences,

ng their numerosity, and C'_yp C C' the set of valence-charged contexts. Neutral experiences

7 For NDS experiences, simulation relies on valence, not on the realization = (which is incompatible with the
target 7). For DS experiences simulation can instead also use x (i.e., the DM projects past 10% inflation into
future 10% inflation). Assumption 2 entails no loss of generality if there is a one to one mapping between the
two, v(1) = —7.

79



capture routine events such as thinking about our usual breakfast, walking to the office, etc.

Because they have no valence and are distant in context, they do not foster simulation.

Assumption 3: Database. Within each ¢ € C_y the distribution of valence is symmetric around

v =0, Ny = N(—v,z) and the distribution of cues is also symmetric, W,z 1 = W(—ve),T-

We thus characterize the effect on beliefs caused by adding an experience ¢, to an other-
wise valence-neutral “representative” database 1, and the effect of priming recall of e, relative

to a valence-neutral distribution of cues wr.

2.3.3 Characterizing Experience and Priming Effects

Consider memory’s predictions for experience and priming effects. We focus on the case rel-
evant for us: higher target realizations 7 have lower valence, o7(¢) < 0, and the lived and

primed event e, is an adversity, v, < 0. Results intuitively extend to the other cases.

The experience effect of adding adversity e, to the baseline database m, resulting in an

enriched database mn,, entails a change in beliefs given by:
E(7|wr,ny) — E(7 |wr,n) = 1o, (wr,m,) - [07(e,) = or(e)_, | (2.4)

where or(e)_, is a weighted average of simulation from experiences e # ¢,,. Living e, allows
for recall and simulation based on it while dampening recall of other experiences e # e, across

all cues in the baseline distribution wy. The DM is more pessimistic if and only if e, promotes

simulation of high inflation or home price growth compared to the average, or(e,) > or(e) .
This occurs if e, is a DS high inflation experience (Malmendier and Nagel 2016) or if e, is an

NDS whose low valence helps imagine a bad state (Cenzon 2025; Taubinsky et al. 2024). Note
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the importance of retrieval: if e, is not spontaneously recalled, r.,(wr,n,) ~ 0, its mere

experience does not affect beliefs, even if it helps simulation.

Priming e, for someone who has lived this experience shifts the cue from the baseline

wr to g, 7, namely it sets w., 7 = 1. Beliefs change as:

E(r| 1., 1) —E(T|wr,n,) =) re(de,r,mp) - [or(e) = E(r[wr,my)],  (25)
eck

where 1., is degenerate on ¢., r. The direct priming effect is to boost recall of e,, which
boosts beliefs if [o7(e,) — E(T | wr, n,)] > 0. This condition is met if simulation based on e,
is stronger than average simulation across e # e,. Thus, the direct priming effect of ¢, is anal-
ogous to its experience effect. Critically, the other terms in equation (2.5) show that priming
also creates recall and simulation spillovers to other experiences e # ¢,. Such spillovers can
give an overall positive priming effect of e, even if the direct priming effect and the experience

effect of e, are negative.

Proposition 1. If the frequency of neutral experiences is high enough, ny > n, priming adversity

e, with a positive experience effect causes beliefs in i1 to change in the same direction. Formally:

E(7|wrp,n,) —E(7|wp,n) >0 = E(r|1.,,n,) — E(7|wp,n,) > 0. (2.6)

If having lived e, predicts more inflation and home price growth pessimism, then priming
ep should boost such pessimism, strengthening the experience effect. By contrast, if the expe-
rience effect is not positive, priming could still promote pessimism if: (i) e, has above average
simulation but it is not spontaneously recalled, r., (w7, n,) ~ 0, or (ii) e, is not itself a source

of simulation, |or(e,) —or(e)_,| ~ 0, but priming it creates recall spillovers on other DS
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and NDS experiences that help the agent to simulate pessimistic scenarios.

Memory thus imposes three cross-equation restrictions. First, there is a link between ex-
perience and priming effects in equation (2.6). Second, similarity matters: the experience and
priming effect of an adversity e, should be stronger than that of e,/ if the former is more similar
to high inflation or home price growth. The third restriction concerns the mode of reasoning:
because priming changes retrieval, it changes the DS experiences that are retrieved and used
to form beliefs (e.g., past inflation or home price growth), or the retrieved NDS experience and
hence the valence used to form beliefs (e.g., negative emotions). We test these predictions in

Section 2.5.8

These predictions discipline memory foundations for context effects such as “animal spir-
. » <« . » . . . .
its” or “narratives” used to imagine future macroeconomic states. We now show that, relative
to other theories, memory ties beliefs and reasoning to measured experiences, similarity, and

features.

2.4 The Survey: Design and Basic Facts

Section 2.4.1 describes the survey experiment and links it to the model. Section 2.4.2 documents

basic facts that allow us to derive our model’s predictions.

8 The focus is on the role of NDS adversities, following the results in Table 2.1 and the fact that, as shown later,
high inflation and home price growth are perceived to be similar to several adversities. However, the model is
symmetric and produces corresponding effects for positive NDS experiences: Appendix B.2 shows that in the
DHS positive health changes or financial experiences (such as receiving an inheritance) predict lower inflation
and home price growth expectations, similar to Taubinsky et al.’s (2024) finding that wage hikes are associated
with lower inflation forecasts.
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2.4.1 The Survey Experiment

We fielded our survey in June 2024 on the DHS households, with a second wave in October
2024.° Here we describe its basic structure. Appendix B.2 contains the details. The survey’s

key innovation is to measure not just beliefs but also memory factors and to manipulate those.

Outcomes: Macroeconomic Beliefs. Following the DHS, we elicited beliefs about 12-month-
ahead consumer price inflation: the modal forecast and the probability of a “7% or larger” tail.
We also elicited beliefs about the 12-month-ahead percentage change in national home prices:
the modal forecast and the probability of a 10% or greater increase. These measures correspond
to the inflation and home price growth tasks, ¢;; and ¢, in the model. As with the DHS data,

we construct inflation and home price growth z-scores.

Reasons. Right after reporting beliefs, respondents write three to four sentences about thoughts
or experiences that came to mind when answering the inflation and home price growth ques-

tions. This text lets us see how primed mental states change the mental models people use.

Cues: Priming NDS Experiences. We randomly assign participants to one of three groups:
financial (N = 1,267), health (N = 1,262), denoted pR = fR, hR, respectively, and control
(N = 1,284), denoted by (). In fR, prior to the forecasting task ¢ people are primed to recall
(hence the “R” index) whether they or a loved one ever faced personal or family struggles with
financial hardship. In hR they are instead primed to recall a serious or chronic illness, or a
serious accident involving them or a loved one. In both treatments, people describe the event,

including the time, difficulties, and emotions. Priming is the only difference from Control.

® The first wave contacted 6,514 households in the DHS panel and obtained complete responses from 4,348 (67%)
of them. The second wave surveyed 4,301 households, with an 89% response rate. The experiment uses the
enlarged DHS panel, combining panel members from both the Centerpanel and the LISS (Longitudinal Internet
Studies for the Social Sciences) panel, both administered by CentERdata.
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Primed recall changes the respondent’s mental context during forecasting ¢ by increas-
ing the salience of the financial or health context c,, its objective realization x,, and its sub-
jective valence v,, p = f, h, setting the cue at ¢, r, p = f, h. In Control () the cue is instead
drawn from the unobserved distribution wy. Critically, fR and hR change context without
conveying news. Indeed, people recall experiences they have lived through, and hence already
know about. In addition, such NDS experiences have no informative content with respect to
inflation and home price growth. Thus fR and hR should play no role in any model, rational
or behavioral, in which memory is perfect and beliefs only depend on news or stable tastes.

This is not so with memory, where priming shapes what people think about during ¢;.

Other NDS Experiences and Similarity. After beliefs and reasons, respondents reported if
they or a loved one lived each of a list of ten NDS experiences: health adversities, financial
struggles, extreme weather, inequality, social conflict, contract breaches, successful invest-
ments, immigration, unemployment, and divorce. These experiences proxy for the database
n. We then asked respondents to report, on a 1-7 scale, the similarity of each NDS expe-
rience with high inflation and home price growth. These subjective ratings are informative
about the similarity and simulation function or(e). These measures allow us to test mem-
ory’s cross-equation restrictions: (i) across experience and priming effects, (ii) across different

primes, and (iii) across domains.

At the end of the survey, we elicited a range of demographics and a numeracy score
(asking the share of Dutch people 90 years or older) so as to replicate individual-level controls
in Table 2.1. In our June survey, the provider failed to elicit the similarity of the cued experience
er in fR and e, in hR. We collected this measure in a second wave in October 2024. To
minimize painful memories we did not ask respondents to again recall the adversity e,. They:

(i) could revise their earlier description of adversity if they wished, and (ii) were asked to
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report inflation and home price growth beliefs, experiences, as well as perceived similarity
of experiences and macroeconomic outcomes.!® The second wave fills the data gap but also
allows us to test the stability of beliefs, experiences, and similarity. We focus on the first wave

but also discuss second wave results.

2.4.2 Forecasts and Experiences in the Control Sample

Table 2.2 reports descriptive statistics for beliefs about inflation and home price growth across
the two survey waves, in the treatment and control samples.

Table 2.2: Summary Statistics for Macroeconomic Beliefs

Wave 1 Wave 2

Mean Median SD Mean Median SD

Inflation (Point Forecast) 5.46 3.0 8.40 5.27 3.5 6.72
Inflation (Threshold) 4.42 4.0 2.48 4.65 5.0 2.45
Home Price Growth (Point Forecast) 6.51 5.0 7.55 7.06 5.0 6.96
Home Price Growth (Threshold) 4.80 5.0 2.42 5.20 5.0 2.37

Notes: Inflation expectations are elicited as point forecasts for the expected 12-month change in consumer prices,
together with subjective probabilities that inflation will exceed a 7% threshold (measured on a 0-10 scale). Home
price growth expectations are elicited analogously as a point forecast for the expected 12-month percentage
change in national home prices and the subjective probability of a 10% or greater increase. The table reports the
mean, median, and standard deviation of each belief measure by survey wave.

Inflation and home price growth point forecasts exhibit strong disagreement (8.4 and 7.55
SD, respectively) and are highly right-skewed (means are about 0.29 and 0.20 SD higher than

medians, respectively). Beliefs about tail events are also heterogeneous but less skewed. These

statistics are stable across waves and comparable to beliefs in the DHS.!

19Tn the finance (health) treatment, 11% (15%) of participants added text to their earlier answers from the first
wave. Among those who added text, 11% (26%) had not reported a health/financial adversity in the first wave.

1Tn 2024, the mean (median) inflation and home price growth point forecasts in the DHS were 4.09% (3%) and
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Before studying priming, consider the correlation between macroeconomic beliefs and
the financial and health adversities in our control sample, in the spirit of the DHS analysis
in Table 2.1. We describe other measured experiences in the next section. Using data from

Control, we estimate:

zir=or+epr-Lis+epr - Lin+nr- X +ur, (2.7)

where z; p is the belief z-score (higher z; 7 means higher inflation for 7" = II or home price
growth for 7' = I), 1, . is a dummy for whether respondent ¢ reports having had financial
(e = f) or health (e = h) adversities. X; includes our socio-demographic controls and the

measure of numeracy.

Consistent with Table 2.1, Table 2.3 shows that experienced financial adversity is asso-
ciated with substantially higher inflation and home price growth expectations. The effect is
quantitatively large, leading to 1.27 p.p. and 0.67 p.p. increases in forecasts, against baseline
averages of 5.46% and 6.51%, respectively (Table 2.2, Wave 1).'? Health adversity is instead not
associated with pessimism; its coefficient is insignificant (and directionally negative for infla-

tion), differently from Table 2.1. Appendix B.3 reports estimated coefficients for all covariates.

Our model explains the effect of financial adversities as reflecting their spontaneous re-

trieval and use for simulating high inflation or home price growth scenarios. It can explain

3.93% (3%), respectively, which are comparable to Table 2.2 for inflation but lower for home price growth. DHS
home price growth forecasts are elicited from a smaller sample (typically 1,600, compared to 2,500 for DHS
inflation forecasts, and 3,800 in the survey reported here) and are more volatile across surveys.

12 Effect sizes in p.p. are obtained by multiplying the z-score coefficient by the loading of the standardized point
forecasts on the composite (0.83 for inflation, 0.85 for home price growth) and by the standard deviation of point
forecasts in p.p. (8.40 p.p. for inflation, 7.55 p.p. for home price growth). Section 2.5 reports a comprehensive
quantification.
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Table 2.3: Experience Effects and Macroeconomic Beliefs

Control Group, Wave 1

Inflation Home Price Growth

(1) @)
Finance Experience 0.1815*** 0.1048**
(0.0552) (0.0515)
Health Experience —0.0177 0.0523
(0.0559) (0.0513)
N 1,284 1,284
Controls Yes Yes
R? 0.1280 0.0595

Notes: This table reports OLS regressions of standardized inflation beliefs in column (1) and home price growth
beliefs in column (2) for the control group in Wave 1, on binary indicators for having experienced a financial
(“Finance Experience”) or health (“Health Experience”) adversity. Dependent variables are composite indices
that average the standardized point forecast (winsorized at the 2nd and 98th percentiles) and threshold measure,
then standardized within wave. Controls include age, education fixed effects (base: no vocational/university
education), occupation fixed effects (base: unemployed), urbanization, net income, housing tenure fixed effects
(base: tenant), gender, relationship status, and beliefs about elderly (not shown). Robust standard errors in
parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

the weaker role of health adversities in Table 2.3 due to either: (i) the failure of spontaneously
recalling them when thinking about inflation or home price growth (namely 7., (wr, 1) ~ 0
in equation (2.4)), or (ii) their limited simulation potential (namely [UT(eh) — Wﬁ wl = 0).
Because the DHS measures current events, which are more easily recalled, the positive coeffi-
cient on health adversities in Table 2.1 supports simulation from e;, and hence hypothesis (i).
These hypotheses and the roles of cues and experiences can be systematically studied using

our model and the measured memory parameters.
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2.4.3 Measured Memory Parameters

Experiences. The primed NDS experiences are frequent, with financial or health adversity
being reported by 39% and 45% of participants in fR and hR, respectively. Frequent experi-
ences in Control are also divorce (47%), job loss (37%), and being cheated on a contract (37%).
These frequencies are similar across treatment and control groups (Appendix B.3). There is
large variation in experiences across people, which leads to belief disagreement, and cluster-
ing: financial and health troubles, unemployment, and divorce are linked via interactions and
personal traits (Appendix B.2). Priming causally tests memory effects by exogenously varying

the salience of these experiences in context, controlling for their presence in the database.'®

Similarity. Figure 2.1 plots the mean and 95% confidence interval of respondents’ similarity
scores of each NDS experience to high inflation (Panel A) and high home price growth (Panel
B). A score of 1 means “not similar at all”; a score of 7 means “extremely similar” The data
come from Wave 1 when available and Wave 2 otherwise. Intuitively, financial difficulty is most
similar to both high inflation and home price growth, with average scores around 4.5. This
reflects the financial nature of inflation and home price growth, so there is some contextual
similarity, but also the adverse nature of high inflation and home price growth for many people,
creating similarity in valence. Financial adversity is about equally similar to inflation and
home price growth (4.93 vs. 4.85, p = 0.09) and likewise for health (2.95 vs. 2.92, p = 0.67, see

Appendix B.3).

Illness or Accident is among the least similar NDS adversities on our list, with average

scores around 2.7-3.0 for inflation and home price growth. These NDS experiences are seman-

13 In the model, priming is further amplified by correlated experiences: a person primed with a health adversity
may also recall associated financial or family adversities, fostering spillovers in equation (2.6).
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Figure 2.1: Perceived Experience Similarity to High Inflation and High Home Price Growth

Panel A: Perceived Similarity to High Inflation
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Notes: This figure shows subjects’ perceived similarity between each elicited non-domain-specific (NDS) expe-
rience and the scenarios of high inflation (Panel A) and high national home price growth (Panel B). Results are
shown separately by treatment group: Health Treatment (hT), Finance Treatment (fT), and Control. Similarity
is measured on a 1-7 scale, where 1 indicates “not similar at all” and 7 indicates “extremely similar” Points show
experience-level means; the shaded areas denote 95% confidence intervals. Data are pooled across both survey

waves.
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tically very different from macroeconomic states. However, similarity is non-zero: an illness
is an adversity, just like high inflation and home price growth for many people. As in Assump-
tion 1, context and valence shape similarity. The fact that financial and health adversities are
perceived as similar to high inflation and home price growth is consistent with or(e) < 0 in
Assumption 2. Priming these adversities may then increase expectations of inflation and home

price growth.

Similarity ratings are stable across income brackets, home ownership status, and our mea-
sures of lived experiences, confirming that similarity and hence simulation do not reflect in-
dividual tastes. Similarity is also stable across treatments, suggesting that fR and AR mainly
affect cues, not similarity or simulation (see Appendix B.3). There is however significant vari-
ation in similarity ratings across people, with standard deviations ranging from 1.6 to 1.8 for
different experiences. This is not only noise: a person’s similarity rating has a 0.3 correlation
across Waves 1 and 2. In psychology, variation in perceived similarity is tied to differential
attention to features (Nosofsky 1986; Bordalo et al. 2026a). For instance, people more focused
on emotions than on context perceive higher similarity between personal and macroeconomic

adversities."> We use this variation to analyze heterogeneity in treatment effects.

Cues. Priming affects beliefs by increasing the salience of adverse financial or health experi-
ences. To validate this assumption, Figure 2.2 reports word clouds of subjects’ descriptions of

primed experiences, which prominently feature the primed adversity and its low valence.

14 Estimating for each ¢ a pooled regression of Wave 1 on Wave 2 similarity scores and demographics predicts
an interpersonal variation of 0.59 and 0.62 standard deviations of similarity in IT and T', respectively.

15 Having had an experience tends to increase its perceived similarity to inflation (Appendix B.3), which may
reflect the increased ability to simulate negative affect events based on such experiences.
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Figure 2.2: Word Clouds for Priming Treatments
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Notes: Word clouds of open-ended experience descriptions in hR (N = 1,262; left panel) and fR (N = 1,267;
right panel). Word size reflects frequency after removing common function words (175 stopwords). Total corpus:
41,776 words in hR and 31,760 words in fR.
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2.5 Context, Memory, and Macroeconomic Expectations

We use our survey to test and quantify memory as a source of “animal spirits”: namely ex-
pectations that depend on uninformative mental states and emotions. Section 2.5.1 studies
priming effects and compares them to experience effects. Section 2.5.2 studies the role of non-
primed NDS experiences and of similarity. Section 2.5.3 studies how priming changes the way

in which people reason about inflation and home price growth.

2.5.1 Instability: The Causal Effect of Primed Recall on Beliefs

We test for priming effects building on equation (2.7). Let dummy 1;., r take the value of
one if respondent 7 was in treatment pR. The cue in task ¢7 is g., 7, which is concentrated on

experience e, compared to the baseline distribution of cues wp. We then have:
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Prediction 1. In task tr, the regression pooling the control and the treatment samples:

zir = ar + Z €ep  Lie, + Z Bep R Lie,® + 11 - Xi + Ui (2.8)
p=f,h p=f,h

has the following properties:

(i) If an experience effect is positive, €., > 0, then the corresponding priming effect is also

positive, B, r > 0.

(ii) The sum of experience and priming effects ., + 3., r is higher for an experience e, that is

more similar to high target outcomes.

Relative to equation (2.7), equation (2.8) adds the second sum, namely the effect of be-
ing randomly assigned to a treatment in which adversity e, is primed. Coefficient €., is the
pure experience effect E(7 | wr,n,) — E(7 |wp,n) in equation (2.4), coefficient /3., g is the
priming effect E(7 | 1.,,n,) — E(7 | wr,n,) in equation (2.5)."° By Proposition 1, we obtain
Prediction 1.(i): priming financial adversities, which in Table 2.3 exhibit positive experience ef-
fects, should raise inflation and home price growth expectations by prompting recall of similar

simulation events.

Prediction 1.(ii) highlights the role of similarity: people who are primed for a lived ex-
perience more similar to high inflation or home price growth should be more pessimistic in
these domains than people who have top-of-mind experiences that are less similar.!” Based

on Table 2.3 and on the similarity gradient in Figure 2.1, the sum of experience and priming

16 These coefficients depend on the task 7', but the subscript is omitted for simplicity of notation.
7 The model does not predict that the priming effect alone should be stronger for the more similar experience,

because the latter may be spontaneously remembered with high probability, possibly leading to small priming
effects.
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effects should then be higher for financial than for health adversities for both inflation and

home price growth.

Table 2.4 tests these predictions. Columns (1) and (2) consider an Intent to Treat (ITT)
sample, so dummy 1; ., r is equal to one also for subjects assigned to the treatment who report
not having had the primed experience (and who do not answer recall questions). Columns (3)
and (4) implement a Treatment on Treated (TOT) test, by setting 1; ., r = 1 only for subjects
who had the primed experience and hence are effectively treated. The TOT tests implement
the decomposition of equation (2.6) and are the relevant treatment for assessing Prediction
1.(ii). In the ITT sample coefficient magnitudes also reflect the frequency of experiences, not

only their similarity.

Prediction 1 is confirmed. Consider Prediction 1.(i): priming a financial adversity boosts
pessimism about inflation and home price growth in both the ITT and TOT tests, consistent
with the positive experience effect in Table 2.3 and Table 2.4. Beliefs of finance-primed TOT
respondents are 0.14 standard deviations higher for inflation and 0.17 for home price growth
compared to people who have lived but are not primed to recall the experience. Priming health
is also associated with more pessimism, especially in the TOT sample, equal to 0.14 standard
deviations for inflation and 0.13 for home price growth. These effects are large, corresponding
to increases in inflation forecasts of 0.97 p.p. (1.01 p.p.), against a baseline average of 5.46%,
and an increase in home price growth forecasts of 1.08 p.p. (0.86 p.p., respectively), against an

average of 6.51%.'

18 Consistent with the model, the treatment effects are concentrated in TOT (and hence weaker in ITT). For
participants who did not have the experience, the treatment is milder (after being asked if they had the experience,
they are not asked to recall it), and Appendix B.4 shows that such treatment has no effect on beliefs. Also
consistent with the model and the role of cues in recall, the priming dummy does not absorb the experience
effect (or vice versa).
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Table 2.4: Effects of Cued Financial and Health Adversity on Macroeconomic Beliefs

ITT TOT

Inflation Home Price Growth Inflation Home Price Growth

(1) (2) ®3) 4)
Finance Prime 0.0640* 0.0707* 0.1388** 0.1690***
(0.0376) (0.0375) (0.0653) (0.0633)
Health Prime 0.0418 0.0966** 0.1440*** 0.1347**
(0.0368) (0.0381) (0.0524) (0.0554)
Finance Experience 0.1850*** 0.1275*** 0.1565"** 0.0795*
(0.0338) (0.0347) (0.0464) (0.0454)
Health Experience —0.0132 0.0339 —0.0704 —0.0019
(0.0315) (0.0335) (0.0479) (0.0468)
N 3,813 3,813 2,367 2,367
Controls Yes Yes Yes Yes
R? 0.1153 0.0595 0.1254 0.0641

Notes: This table reports OLS regressions of the impact of fR and hR on the z-scores of inflation and home price
growth beliefs. Columns (1) and (2) present ITT estimates; columns (3) and (4) TOT ones. “Finance Experience”
and “Health Experience” indicate if a respondent lived a financial or a health adversity. Dependent variables
are composite indices that average the standardized point forecast (winsorized at the 2nd and 98th percentiles)
and threshold measure and then standardized within wave. All regressions use Wave 1 data; the TOT sample is
restricted to respondents who complied with treatment. Controls include age, education fixed effects (base: no
vocational/university education), occupation fixed effects (base: unemployed), urbanization, net income, housing
tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly (not shown). Robust
standard errors in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

Prediction 1.(ii) is also confirmed. The financial adversity is more similar than the health
adversity to higher target outcomes and, consistent with memory, it exhibits larger combined
experience and priming effects in both domains, corresponding to 0.30 vs. 0.07 standard devi-
ations for inflation and 0.25 vs. 0.13 for home price growth. The similarity hierarchy of these

results in turn ties the hierarchy of experience effects in Table 2.3."

19 As noted in Section 2.4, both financial and health adversities are approximately equally similar to high inflation
and home price growth, and their combined effects are not statistically different across domains, in line with the
model.
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Exogenous recall of uninformative events affects macroeconomic beliefs, rejecting sta-
tistical models.?’ Also inconsistent with motivated beliefs, people imagine aggregate states
that are similar to what is top of mind, not what is fundamentally good or bad for them. For
instance, priming financial adversities increases expected home price growth for both home-

owners and renters, consistent with the similarity judgments of both groups (Appendix B.4).

2.5.2 Heterogeneity: The NDS Experiences Database and Similarity

Memory creates systematic heterogeneity. Some people are more pessimistic than others be-
cause: (i) they have lived and are reminded of adverse personal experiences that help them
imagine adverse macroeconomic states, or because (ii) they perceive stronger similarity be-
tween adverse NDS and bad macroeconomic states (due to higher attention to valence than to

context). Such disagreement can manifest itself both in the baseline and in reaction to cues.

To test for these predictions, we capture the “pessimism-potential” in a subject’s NDS
database and similarity perceptions, by computing, following Bordalo et al. (2025a), the aver-

age similarity of the NDS experiences the subject reports:

ZeeE ]1116 ) Si(e> T)
ZGEE ]live ’

ST,i (nz) =

where F is the set of NDS we elicit, 1, . is as before a dummy for whether the respondent had
experience e, and S;(e, T') is the respondent’s stated similarity of e to high inflation (7" = II)
or home price growth (I = I'). We set S7;(n;) = 0 for respondents who have not had any of

the elicited experiences. A respondent with a higher index St ;(n;) has lived NDS experiences

2 In line with recall being shaped by the current cue, priming in Wave 1 has low persistence to Wave 2 (Ap-
pendix B.4).
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more similar to high target outcomes, and so should exhibit higher beliefs.

To capture similarity in driving heterogeneous priming effects we construct the proxy:

Sti(ep) = Lie, - Lie, - Si(ep, T,

which is non-zero for TOT subjects, who have 1; ., - 1; ., r = 1, and increases in the similarity
of the primed experiences with high inflation or home price growth. Higher S7;(e,) means
that, when primed to recall e, the person better simulates adverse scenarios, leading to a
stronger increase in inflation and home price growth beliefs. From equation (2.8), Prediction

1, we then obtain:?!

Prediction 2. Given task tr, the regression

zir = ap + &g - Sp,i(n;) + Be,.s - Srilep) +nr - Xi + wir, (2.9)

detects a positive similarity gradient of NDS experiences ¢s > 0 and their priming 3., s > 0.

Table 2.5 reports the estimates. To interpret magnitudes, we scale each index by its stan-
dard deviation within each wave. Consistent with the model, coefficients are positive: experi-
ence and priming effects increase in perceived similarity. More similar experiences are more
likely to be spontaneously retrieved and used in simulation, and the effect of priming them is

also stronger.*

2! As in equation (2.8), all coefficients depend on the task 7', but the subscript in e5 and S, s is omitted for
simplicity.

22 To study memory interference, the average similarity index is decomposed into its numerator and denominator:
the numerator captures the total summed similarity across lived NDSs, the denominator is the total number of
NDSs. Appendix B.4 shows that the numerator enters positively and the denominator negatively: holding total
similarity constant, many lived NDSs interfere, reducing the effect of similar experiences on beliefs.
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Coefficient magnitudes can be read directly as the effect of a 1-standard-deviation increase
in similarity on standardized beliefs. The effects are sizable: a 1-standard-deviation increase
in average similarity of lived experiences raises inflation (home price growth) beliefs by 0.10
(0.07) SD. A 1-standard-deviation increase in the similarity of the primed experience increases
inflation (home price growth) beliefs by 0.06 (0.06) SD. Adding our two proxies increases the
regressions’ R? from 0.114 to 0.128 for inflation, and from 0.055 to 0.066 for home price growth,
compared to having only controls.

Table 2.5: Effect of Experience Similarity on Inflation and Home Price Growth Beliefs

TOT
Inflation Home Price Growth
(1) (2)
Avg. Similarity Lived Experiences 0.0956*** 0.0689***
(0.0255) (0.0234)
Similarity Primed Experience 0.0560™** 0.0600***
(0.0173) (0.0184)
N 2,367 2,367
Controls Yes Yes
R? 0.1278 0.0664

Notes: This table reports TOT estimates of OLS regressions of z-scores of inflation (column 1) and home price
growth (column 2) beliefs in Wave 1 on “Avg. Similarity Lived Experiences” (the average similarity rating across
all experiences lived by the respondent, rescaled by the unconditional standard deviation pooled across all ex-
periences) and “Similarity Primed Experience” (the similarity rating for the primed experience, rescaled by the
same unconditional SD). Respondents in the control group are assigned a value of zero. Dependent variables
are composite indices that average the standardized point forecast (winsorized at the 2nd and 98th percentiles)
and threshold measure, then standardized within wave. Controls include age, education fixed effects (base: no
vocational/university education), occupation fixed effects (base: unemployed), urbanization, net income, hous-
ing tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly (not shown). Robust

standard errors in parentheses. Significance levels: *** p < 0.01, ™ p < 0.05, * p < 0.10.

One concern is that individual similarity may be spuriously anchored to beliefs (e.g., peo-
ple reporting higher beliefs may anchor to higher numbers when subsequently reporting sim-

ilarity). We rule out this possibility by showing that our results are robust to instrumenting
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individual similarity or beliefs across waves, which rules out anchoring to noise. Our results
are also robust to using average rather than individual similarity ratings, which rules out an-
choring of similarity to stable belief differences. Appendix B.4 reports several other robustness

checks.?

Quantification of Effects. We saw that having lived financial or health adversities and their
current salience affects beliefs (Table 2.4), and that additional belief heterogeneity arises from
the broader NDS database and similarity judgments (Table 2.5). Figure 2.3 collects these quan-

titative effects and compares them to standard demographics and experience effects.

To quantify the role of the NDS database, consider the distribution of S ;(n;) computed at
average similarity. We first estimate the impact of a given NDS experience on beliefs by adding
it to every database and computing the entailed change in the average (across participants).
Using Table 2.5, adding a job loss experience increases inflation (home price growth) fore-
casts by 0.18 p.p. and 0.10 p.p., respectively (Appendix B.4). This is interesting: the real-world
intensity of job loss (experienced directly or by acquaintances) varies across macroeconomic
states, creating aggregate context effects. We next consider the interquartile range of the dis-
tribution of St ;(n;) at average similarity. By construction, variation arises only from different
NDS experiences. Such interquartile range corresponds to a 0.74 p.p. and 0.91 p.p. increase
in inflation and home price growth beliefs, respectively. Importantly, these results are not
driven only, or even mainly, by finance experiences: other NDS experiences have comparable

similarity-weighted impacts on beliefs (Appendix B.4).

23 Table 2.5 is also robust to using the ITT sample, which includes all subjects in the treatments, and to excluding
demographic controls (see Appendix B.4), suggesting that the effect of memory parameters is largely indepen-
dent of demographics. Allowing the similarity proxies to also enter quadratically (i.e., giving higher weight to
experiences deemed more similar) yields comparable coefficients. Results are consistent across the finance and
health treatments.
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Consider similarity next. Increasing the average similarity of experiences by one stan-
dard deviation of similarity increases inflation (home price growth) forecasts by 0.99 p.p. (1.28
p.p.).** Individual-level similarity is also important: increasing it from the average to the top
quintile for each experience increases inflation (home price growth) forecasts by 0.80 p.p. (1.09
p-p.)- Even in a regression setting, individual similarity matters controlling for average simi-

larity (Appendix B.4).

These quantifications are summarized in Figure 2.3, which distinguishes heterogeneity
due to different databases, similarity, and instability from cues. Effects are large compared
to standard DS experience effects and demographics. Priming a finance adversity quantita-
tively matches the disagreement observed when moving from the top to the bottom income
quintile (Bryan and Venkatu 2001; Weber et al. 2022). Demographics may partly capture sys-
tematic differences in experiences and the extent to which they are top of mind when making
macroeconomic forecasts. The same mechanism extends to DS experiences: the low valence of
higher gas prices may be more attended to by a low-income household, causing via similarity

a stronger experience effect.

In sum, memory offers a cognitively founded mechanism for generating sizable and real-
istic heterogeneity and instability of macroeconomic expectations based on non-informative
experiences that influence the ability to imagine different macroeconomic states. We next
show how this mechanism for “animal spirits” can offer a foundation for models of beliefs
tainted by momentary emotions (Schwarz and Clore 1983; Loewenstein 2000) or partial mod-

els/narratives (Shiller 2019a; Schwartzstein and Sunderam 2021; Andre et al. 2024).

24 The quantification regresses z-scored beliefs on the z-standardized (by cross-person SD) average similarity of
lived experiences. A 1-standard-deviation increase in similarity refers to the pooled SD of raw similarity ratings
across experiences and respondents. The pooled SD is about twice the SD of the person-level similarity across
experiences, so the implied effects are larger than a naive multiplication of Table 2.5 coefficients.
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Figure 2.3: Quantification of Memory Effects
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Notes: This figure compares the estimated effect sizes with benchmark effects from the literature. Effects are
expressed in percentage points (p.p.) of expected inflation (filled circles) or home price growth (open squares),
converted from the composite z-score index using factor loading x standard deviation (inflation: 0.83 x 8.40;
home price growth: 0.85 x 7.55). This paper’s estimates (red) include: (i) Database effects, which are the co-
efficient on having a financial experience and the effect of moving from the 25th to 75th percentile of the NDS
similarity distribution (IQR); (ii) Cue effects, which are treatment on treated (TOT) effects of health and finance
priming, and the combined effect of finance priming plus financial experience; (iii) Similarity effects, which are
the impact of a 1-standard-deviation increase in similarity ratings and the effect of moving to the top quintile
of similarity. All estimates are from OLS regressions on the TOT sample (N = 2,367) in Wave 1, controlling
for demographics. Literature benchmarks (blue) include lifetime inflation pass-through (Malmendier and Nagel
2016), local house price pass-through (Kuchler and Zafar 2019), grocery shopping effects (d’Acunto et al. 2021),
and information updating (Armona et al. 2019). Demographic gaps (purple) show differences by income quintile,
education, and gender from Bryan and Venkatu (2001), Weber et al. (2022), and d’Acunto et al. (2021). Effects are
grouped into categories indicated by shaded background.

2.5.3 Priming Changes Reasoning about Forecasts

Mnemonic reasoning uses the features of personal experiences analogically. First, negative
emotions from personal adversities cue recall of high past inflation, a DS experience, causing

high expected inflation, as in Taubinsky et al. (2024). In addition, the agent can retrieve an NDS
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adversity and form a partial model (e.g., “things can go bad”) that invites pessimism. Consistent
with this mechanism, Andre et al. (2022) show that recall of personal experiences, including
NDS ones, creates heterogeneous “macroeconomic models” causing disagreement based on
the same shock. In our model, primed recall of e, causes these different lines of reasoning by
fostering recall of DS and NDS experiences that are similar to the cue g., 7. Thus, we should
observe treatment effects in inflation and home price growth reasoning that reflect the features

(x,v, c) of experiences retrieved based on the prime, in turn causing pessimistic beliefs.?®

Priming Effects on Retrieved (x, v, ¢). We proxy for the realization 7 of recalled DS inflation
and home price growth experiences using our elicited 12-month backcasts of each. Schacter
et al. (2012) show that the same selective recall mechanism shapes the reconstruction of the
past and the imagination of the future. In our model, when a recalled inflation or home price
growth DS episode is top of mind, it influences both the forecast and the backcast. For NDS
we only observe the realization x of primed experiences (i.e., the specific financial trouble or
disease in e,) but in our model the agent does not use this realization in imagining future

inflation or home price growth, so we do not use this data in our analysis.

We then extract the key drivers of simulation, valence v and context ¢, from self-reported
forecasts’ reasons. We use ChatGPT, fine-tuned with detailed instructions and manual valida-
tion, to categorize each text as follows. First, proxying for ¢, we categorize whether reasoning
primarily relies on (i) personal experiences (e.g., household hardship, personal finances, or
family events), on (ii) news or expert sources (e.g., media reports, government policy, central
bank actions), or is (iii) unclassified. Category (i) captures the personal context of NDS experi-

ences, category (ii) the domain-specific context of DS ones. Second, proxying for v, we classify

2> Appendix B.5 also studies the similarity between reasoning and recall, as a proxy for simulation. Consistent
with the model, fR (resp. hR) increases the similarity of reasons to recalled financial (resp. health) experiences.
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texts based on whether they reflect negative or positive valence, are factual, or unclassified.

Negative valence reflects the DS and NDS adversities shaping pessimistic forecasts.?

Figure 2.4 shows word clouds for reasoning classified as negative vs. neutral valence,
showing that the latter emphasizes aggregate quantities (interest rates, supply, and demand)
while the former emphasizes negative valence, often in the context of personal experiences
(less, money, meet ends, buy). Similarly, Figure 2.5 shows word clouds for reasoning classified

as personal vs. news-based. Appendix B.5 lists exemplar reasons of all classifications.
Our model makes the following prediction about these proxies:

Prediction 3. Priming an adverse NDS experience should increase the relative recall of adverse DS
experiences compared to favorable DS experiences, and the recall of NDS experiences compared to

DS ones, all compared to Control. As a result, priming should increase:

(i) high inflation and home price growth backcasts (DS effect).

(ii) the incidence of personal logic (NDS effect) and low valence in reasons (DS and NDS effect).

Effect (i) follows from mood-congruent recall (Bower 1981) of DS experiences: priming an
NDS adversity favors retrieval of high compared to low inflation and home price growth states
due to similar low valence, as in Taubinsky et al. (2024). Effect (ii) is an additional memory
effect: priming an adverse NDS experience prompts recall of other adverse NDS experiences,

increasing simulation and reasoning based on personal context and low valence.

Columns (1) and (2) of Table 2.6 report the TOT effects on backcasts. Both fR and hR

are associated with higher past inflation and home price growth, consistent with Prediction 3.

% The GPT classifications are validated against human-coded subsets, confirming high agreement rates (78% for

inflation and 70% for home price growth, for personal logic; 85% for inflation and 92% for home price growth, for
valence).
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Figure 2.4: Word Clouds of Macroeconomic Reasoning by Valence
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Notes: Word clouds of open-ended macroeconomic reasoning, comparing texts classified as expressing negative
affect (left) vs. neutral affect (right). The top panel shows inflation reasoning; the bottom panel shows home price
growth reasoning. Emotional valence is classified using GPT-4 analysis of the English translations. Sample sizes:
inflation reasoning includes 1,167 negative affect and 2,459 neutral texts; home price growth reasoning includes
1,029 negative affect and 2,644 neutral texts. Word size reflects frequency after removing common function words

6.

and shared topic words (e.g., “price,” “inflation,” “house”) to highlight differences between categories.

This test provides causal evidence of the mechanism in Taubinsky et al. (2024). The effect is
stronger for finance than for health, consistent with higher similarity of financial adversity to
inflation and home price growth experiences. Magnitudes are large: the finance prime raises

inflation (home price growth) backcasts by 1.8 p.p. (1.2 p.p.) against a baseline of 10% (9%).
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Figure 2.5: Word Clouds of Macroeconomic Reasoning by Type
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Notes: Word clouds of open-ended macroeconomic reasoning, comparing texts classified as expressing personal
reasoning (left) vs. news-based reasoning (right). The top panel shows inflation reasoning; the bottom panel
shows home price growth reasoning. Personal vs. news-based reasoning is classified using GPT-4 analysis of
the English translations. Word size reflects frequency after removing common function words and shared topic

» s »

words (e.g., “price,” “inflation,” “house”) to highlight differences between categories.

Columns (3) and (4) show the results for context and valence. Consistent with Prediction
3, priming an adversity increases the likelihood of reasons including either personal context or
negative valence relative to Control, for both inflation and home price growth forecasts. The
effects are large: finance priming raises the likelihood of personal/negative valence reasoning

by 9.7 p.p. (inflation) and 12.0 p.p. (home price growth). The corresponding figures for health
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Table 2.6: Backcasts, Context, and Valence

Backcasts (%) Personal or Negative

Inflation Home Price Growth Inflation Home Price Growth

(1) (2) 3) (4)
Finance Prime 1.8253*** 1.2384** 0.0971*** 0.1195***
(0.5811) (0.5304) (0.0269) (0.0269)
Health Prime 0.9422* 0.3574 0.0598** 0.0797***
(0.4814) (0.3921) (0.0241) (0.0236)
N 2,367 2,367 2,367 2,367
Controls Yes Yes Yes Yes
R2 0.0512 0.0410 0.0365 0.0341

Notes: This table reports treatment on treated (TOT) regressions for Wave 1. Columns (1) and (2) estimate how
treatments affect respondents’ backcasts of inflation and home price growth. Backcasts are expressed in per-
centage terms. Columns (3) and (4) estimate whether treatments increase the likelihood that respondents invoke
personal experiences or express negative affect in their macroeconomic reasoning. These indicators are classi-
fied using GPT-4 analysis of open-text responses, where “Personal or Negative” equals one if the respondent’s
reasoning is classified as using personal logic or expressing negative affect. Controls include age, education fixed
effects (base: no vocational/university education), occupation fixed effects (base: unemployed), urbanization, net
income, housing tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly (not

shown). Robust standard errors in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

are 6.0 p.p. and 8.0 p.p. Appendix B.5 shows that priming NDS adversities raises the share of
reasoning based directly on low-valence and personal experiences, and a switch away from

news-based reasoning.?’

Recalled Features and Forecasts. We conclude by circling back to forecasts. Our model pre-
dicts that higher backcasts should be associated with higher forecasts. It also predicts that
personal logic and low-valence reasoning based on NDS experiences should increase the fore-

casts, consistent with a greater reliance on pessimistic memory-based narratives (Shiller 2019a;

27 Table 2.6 measures the disjunction “personal logic or negative valence” to allow for news-based forecasts that
also feature low valence, in line with the retrieval of bad inflation or home price growth experiences from the
adverse NDS.
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Andre et al. 2022) that help imagine future bad states.?® To test this link we use an instrumental
variables (IV) approach. In the first stage, we use fR and hR to obtain exogenous variation
in reasons as in Table 2.6. In the second stage, we regress macroeconomic beliefs on the first-

stage predicted backcasts, negative valence or personal logic from the first stage.

Table 2.7 shows that the causal increase in backcasts or in the reliance on personal logic
or negative valence substantially raises inflation and home price growth forecasts. The first-
stage ['-statistic is strong for reasoning, less so for backcasts, which is intuitive: The recall of
low-valence or personal experiences is instead more strongly based on the NDS cue that our
treatments induce, yielding a stronger first-stage effect. Put together, the effects of priming on
reasoning and beliefs are large: higher predicted personal/negative reasoning raises inflation
expectations by 1.5 p.p. and home price growth expectations by 1.3 p.p. under the finance
prime.” For health, these numbers are 0.93 p.p. and 0.88 p.p. These are substantial magnitudes

relative to Figure 2.3.

Consistent with memory, experiences, and cues drive forecasts by endogenously shaping
the content of reasoning: experiences similar to the task, or cued by the environment, affect
not only the selective retrieval of DS data but also the simulation of scenarios based on non-

statistical features of irrelevant NDS experiences, such as their negative valence. We next

28 The mechanism helps explain instability and heterogeneity in recall and beliefs. For example, Blanchard (1993)
offers evidence consistent with the U.S. recession of 1990-91 being triggered by a drop in consumer confidence
due to the Iraq War. Salient events such as a war can affect beliefs by helping people imagine good or bad states, in
turn affecting consumption and investment. Link et al. (2023) show that people who think more about inflation
tend to be more pessimistic about it. In the model, attention to inflation shapes the cue, which then leads to
selective retrieval of high inflation outcomes. Memory also explains why beliefs tend to respond more to specific
stories than to statistics (Kahneman and Tversky 1972, 1982), in part because stories are more memorable than
experiences (as shown experimentally in Graeber et al. (2024)) and in part because they provide better simulation
material.

29 The p.p. conversion for Tables 2.6-2.7 uses the factor loading and standard deviation computed on the TOT

Wave 1 subsample (0.84 x 8.73 for inflation; 0.86 x 7.52 for home price growth), which differ slightly from the
values in earlier footnotes.
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Table 2.7: Beliefs and Predicted Backcasts, Context, and Valence

Backcast Personal or Negative
(Predicted) (Predicted)

Inflation Home Price Growth Inflation Home Price Growth

(1) (2) 3) (4)
Predicted Variable 0.1257*** 0.1805*** 2.1061*** 1.7089***
(0.0299) (0.0440) (0.5007) (0.3766)
N 2,367 2,367 2,367 2,367
R2 0.0083 0.0082 0.0081 0.0092
KP F-stat 5.86 3.08 9.39 15.65

Notes: This table reports second-stage instrumental variable (IV) regressions examining whether backcasts and
reasoning features help explain contemporaneous belief formation. The dependent variables are standardized
belief z-scores constructed from respondents’ point and threshold forecasts. Columns (1) and (2) use predicted
backcasts (respondents’ retrospective assessments of past inflation or home price growth) as the endogenous
regressor. Columns (3) and (4) use predicted “Personal or Negative” (a binary indicator equal to one if the re-
spondent’s macroeconomic reasoning invokes personal experiences or expresses negative affect, as classified by
GPT-4 analysis of open-text responses). The first-stage regressions are reported in Table 2.6, where each mech-
anism is regressed on the randomized treatment assignments (Health Prime and Finance Prime), which serve as
excluded instruments. “KP F-stat” reports the Kleibergen-Paap first-stage F'-statistic as a diagnostic for instru-
ment strength. Each outcome is estimated separately. Robust standard errors in parentheses. Significance levels:
**p < 0.01, ™ p < 0.05*p <0.10.

outline some implications of this mechanism for macroeconomic expectations and outcomes.

2.6 Macroeconomic Implications

We showed that uncertainty is represented “in context” based on semantic or emotional cues
that shape the ability to imagine good vs. bad states. We detect these context effects causally,
in a clean way. Beyond the specific events that we prime, our findings have broader relevance
for macroeconomics because they identify the belief-formation mechanism. They unify well-
documented features of beliefs (Section 2.6.1) and yield new implications for confidence cycles

(Section 2.6.2).
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2.6.1 Unifying Features of Macroeconomic Expectations

Consider an agent forecasting an adversity, such as inflation. To see the intuition most starkly,
consider a stylized database with a share ny; of DS experiences of constant inflation 7, and a
share n, = 1 — np of NDS adversities.®® As in Assumption 2, the agent simulates future
inflation based on the valence of the retrieved experiences. DS experiences have valence
v(7) = —7 < 0, while NDS experiences have valence v, = v(7 +v) = —(7 + ) with
~v > 0: realistically, personal adversities are more distressing for the agent than experienced
inflation (the analysis easily generalizes to a richer setting with heterogeneous DS and NDS
experiences). As in Assumption 2, her NDS-based simulation is weaker due to discrepant
context: the agent simulates inflation o, - (7 + ), where —o,, € (0, 1) is the sensitivity of

simulation to the valence of NDS.

A cue q is identified by its valence v, and context ¢,. Given similarities between ¢ and DS

and NDS experiences, St = S(q¢, en) and S, = S(q, e,), respectively, expected inflation is:

E(r|gq,n) =

nH~SH _ ap'np~5p _

- T+ T+ ). 2.10

TLH'SH—F?”LP'SP] {nn-Snjan-Sp ( PY) ( )
The first term is a DS effect: more DS experiences, higher ny;, promote retrieval of inflation
7, anchoring the forecast to it. The second term is an NDS effect: personal financial troubles,

higher n,,, prompt retrieval of distress and simulation of a high inflation state 7 + .

Insensitivity. In equation (2.10), personal events interfere “bottom up” with the retrieval of
DS experiences: when forecasting inflation, a person may recall her financial troubles or the

prices she saw, neglecting aggregate DS data. Interference from NDS experiences thus causes

30 For simplicity, good NDS are abstracted away, akin to setting their similarity in Assumption 1 to zero, K = 1/2.
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insensitivity to DS ones: increasing experienced inflation 7 by one unit while leaving v, con-

stant increases expectations by less than one unit.

Bias. Interference can also cause expectations to be above experienced inflation 7. This occurs

if NDS experiences are distressing enough, v > <1;:”) 7. Households’ measured expected

inflation is indeed too high (Mankiw et al. 2003; Coibion et al. 2022).

Insensitivity may seem consistent with rational inattention (Sims 2003), but bias is not.
Bias is important, and reflects perceived similarity between inflation and NDS. Crucially, the
same mechanism also explains why households strongly dislike inflation: due to similar-
ity, high inflation reminds people of personal financial troubles, affordability concerns and

negative-valence experiences.

DS Context and Overreaction. Our experiment causes instability of beliefs by cuing NDS
adversities. Similar effects also arise for DS events: an increase in current inflation from 7 to
7' =74 0m 0 < Or < v, increases the similarity .S, of the inflation environment to personal
distress and reduces its similarity Sty to regular inflation 7. Forecasts then increase if and only
if NDS adversities cause a positive inflation bias.*! This happens even if the inflation shock is
transitory. Note that the agent does not have a general tendency to overreact to news: she is
insensitive to historical inflation 7 and exhibits a constant NDS-driven bias 7. Yet, she over-
reacts after seeing a salient inflation surge, which cues her bottom up to retrieve distressing

NDS financial troubles and interferes with historically more moderate DS events, increasing

pessimism and causing overreaction especially if the change O is large, albeit transient.*

31 The increase in current inflation reduces the valence distance in Sp from 7y to y — O7, and increases the valence,
and numerical, distance in Sty from 0 to 7. Equation (2.10) then implies W x ['y - (ﬂ) 7?} 0 ( Sp ) )

o o7 \ 5n

32 As described earlier, this mechanism can produce overreaction even in a database with only DS experiences, as
documented in Bonaglia et al. (2025) and Gennaioli et al. (2025). The model is more general and nests this effect

109



Narratives and Partial Models. Narratives have been invoked as a powerful driver of ag-
gregate consumption and investment decisions using compelling examples and psychologi-
cal intuition (Shiller 2019a). Our framework offers a foundation for narratives in terms of
context-based beliefs and integrates these ideas into a testable and tractable macroeconomic

framework.

For example, an increase in the salience with which a feature is discussed in the media can,
by changing the cue ¢, shift which experiences come to mind and beliefs. Shiller (2019a) shows
that stories about the “Great Depression” were more viral during the 2007-2008 than the 1981-
1982 recession, even though unemployment was higher in 1981-1982. The salience of the “fi-
nancial crisis” feature increased contextual similarity between 2008 and 1929 even though the
Great Depression was objectively not very informative. Superficial similarity drives incorrect

DS analogies.

The same mechanism may be at play in narratives that leverage everyday experiences,

1733 These narratives focus attention on

such as “restaurants are full, the economy is doing wel
familiar experiences, and crowd out potentially more relevant information due to interference.
The resulting beliefs are based on a subset of the person’s DS or NDS experiences, which
highlight specific features or channels, i.e., they are partial models. The “partial model” used
by a person is then predicted by her experiences, similarity judgments, and context. This leads

to systematic heterogeneity: consumers tend to adopt narratives that emphasize experiences

familiar to them (Andre et al. 2022; Coibion et al. 2022).

Lastly, narratives are unstable. At the heart of the literature on narratives is the idea of

if realized inflation 7 is allowed to vary across DS traces in the database. A characterization of when interference
by NDS generates over or underreaction is left to future work.

%3 This example is based on a famous quote by former Italian prime minister Silvio Berlusconi.
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contagion (Shiller 2019a; Flynn and Sastry 2025), an abrupt change in beliefs driven not by
fundamentals but by exposure to the narrative, which is a form of context. By its nature, such
contagion is hard to square with models of stable belief distortions. Our model explains how
context can drive instability, by changing which experiences underlie beliefs. In particular,
the memory mechanism disciplines how changing context shapes the narrative, also putting
limits to contagion, for instance based on heterogeneity of experiences. This opens the door

to the study of dynamics of beliefs, to which we turn next.

2.6.2 Heterogeneity, Confidence, and Business Cycles

Cross-Sectional Heterogeneity. Variation in NDS experiences creates belief heterogeneity.
This variation does not wash out in the aggregate because NDS experiences (and contexts)
are not randomly assigned. Specifically, and consistent with Das et al. (2020), people with
worse personal financial experiences are ceteris paribus more pessimistic about the future.
This dampens their willingness to consume, invest, or search for a job. Critically, these very
people may have the highest “rational” marginal propensity to consume (MPC) and job search
incentives, so their pessimism can stunt an important driver of economic recovery during a
recession. Through these nonlinearities, then, memory-driven belief heterogeneity can affect

aggregate outcomes.

Aggregate Confidence. A second and direct link between mnemonic context effects and the
business cycles arises through endogenous business confidence. A large body of work sug-
gests that consumer and investor confidence are powerful predictors of aggregate expansions
and contractions (Ludvigson 2004), and typically traces them to changes in beliefs triggered

by aggregate statistical signals. Critically, memory-driven confidence does not rely on statis-
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tical signals; it can also arise from current context, including the endogenous actions of other
agents. This creates new belief externalities. For instance, the decision of a loan officer to
deny credit to a firm increases its macroeconomic pessimism even absent information, which

reduces the firm’s investment over and above the amount of credit that was denied.

The same mechanism can also work in a positive direction: the decision of the govern-
ment to purchase more goods from firms cues economic expansion, increasing these firms’
optimism, consistent with Bellifemine et al. (2025). To see this mechanism at play, suppose
that the current optimal action x increases in the expectation about the future value z; of the
action itself:

xo = E(x1 | zo,m). (2.11)

For instance, current consumption x, should increase in the expectation of future consump-
tion, as in the permanent income hypothesis (Hall 1978), and current investment should in-

crease in the expectation of future marginal return, as in q-theory (Hayashi 1982).

With memory, the expectation E(z; | 9, n) depends on the current equilibrium outcome
x, over and above its objective information (if any) about z;. The reason is that higher cur-
rent consumption x cues recall of economic expansions or reduces recall of past adversities,
increasing expected future consumption. This crucially implies that equation (2.11) entails
feedback that further increases current consumption xy. The result is a “confidence multi-
plier”: an increase in confidence creates a current expansion that cues a favorable context,

which in turn supports confidence and an additional expansion.

To see this formally, we apply equation (2.10) to positive events (i.e., context and valence

are now positively related). Combining it with equation (2.11), setting for simplicity o, = 1
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and S(e, q) = exp|[—d|z, — z.|], we obtain an equilibrium condition for x:

np . 6_5“:50_5_'7‘_@0_5”

To=7T+ (2.12)

N+, - e—oleo—a——lzo—all "

The last term captures the distortion due to NDS-based simulation. It has a sigmoidal
shape so that, under some parameter values, equation (2.12) admits two stable equilibria, =7}
and z7;, at low and high consumption, respectively. The presence of confidence multipliers
creates self-fulfilling booms, associated with the high equilibrium x7;, in which the consump-
tion of atomistic agents creates a “boom context” that fuels each other’s optimism and sustains
high consumption, and a low equilibrium z7 in which agents restrain consumption, creating
a “depression context” that fuels each other’s pessimism and sustains low consumption. With

an elastic aggregate supply, confidence-driven cycles can arise.

This mechanism is complementary to current statistical accounts. In some models, con-
fidence arises from informative signals about aggregate TFP (Lorenzoni 2009; Blanchard et al.
2013; Beaudry and Portier 2006). In Angeletos and Lian (2018), closer to Phelps (1970) and Lu-
cas (1972), confidence reflects optimism about the price of the good an agent supplies, which
increases her permanent income, demand, and boosts output under sticky prices. Similarly, in
Angeletos and La’O (2013) lack of common knowledge allows beliefs to depend on arbitrary,
yet unmodeled, optimism shifters. Shifting aggregate context can produce effects similar to
non-fundamental noise shocks, as in Lorenzoni (2009), while cross-sectional variation in NDS
experiences and context can create idiosyncratic heterogeneity of expectations as in Angeletos

and Lian (2018), including departures from common knowledge.

Memory offers a new testable structure based on similarity and experiences. It also creates

multiplicity through expectations themselves, without assuming technological complemen-
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tarities such as sequential service constraints in bank runs. “Positive” choices cue “positive”
memories, sustaining similar choices in others. This occurs even though, unlike in herding
models, these choices convey no information. A suitable aggregate transfer or investment
policy can then produce spontaneous optimism and sustain an economic expansion. These
forces may shed light on the effects of economic policy and communication. We leave these

topics to future work.

2.7 Conclusion

Almost a century ago, Keynes proposed that changes in animal spirits, defined as spontaneous
non-statistical forms of business confidence, are a key driver of consumption, investment, and
business cycles. By now, abundant evidence shows “excess volatility” in asset prices (Shiller
1981; Bordalo et al. 2024b, 2025¢) and in macroeconomic aggregates tied to non-rational earn-
ings expectations (Bordalo et al. 2024a) or to indices of consumer and business “confidence”
that are hard to trace to fundamental news (Blanchard 1993; Barsky and Sims 2012; Beaudry

and Portier 2006).

We present a foundation that ties animal spirits to a major force in cognition: the role of
context in driving memory and attention. Personal or public events affect our semantic and
emotional states, shaping how we imagine the future. This approach does not preclude the
dependence of beliefs on historical frequencies, which are embedded in the memory database,

but stresses that “imagining” a future state comes before “counting” the odds of its occurrence.

Mnemonic beliefs can be studied using measurable memory parameters: experiences,

similarity, and cues. The resulting animal spirits exhibit two key features: heterogeneity from
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different personal experiences, especially non-informative ones (NDS), and common instabil-
ity when aggregate context cues similar thoughts. A common shock can change the ability to
imagine good vs. bad outcomes above and beyond its information value, and macroeconomic
events in one domain can create spillovers into others. For instance, rapidly increasing infla-
tion can cue anxiety and distress, prompting people to simulate high future unemployment
even when current unemployment is low or falling. Changes in aggregate context can thus

affect business fluctuations as in Keynes’ original intuition.
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Chapter 3

Memory, Confidence, and Aggregate Demand

with Carla M. Schroder

Chapter Summary

This paper develops a macroeconomic theory in which confidence is endogenous to de-
mand conditions through memory. Households form expectations by recalling similar past
demand episodes, with recall cued by visible aggregate consumption. Aggregate demand is
therefore self-referential: current demand shapes recall, recall shapes expectations, and expec-
tations feed back into demand. The model yields a confidence multiplier and multiple regimes
when memory sharply discriminates across past episodes. Memory accumulation makes the
resulting regimes persistent; narrative shocks can trigger persistent regime shifts without
changing fundamentals. Empirical evidence supports the central cue-by-memory channel:
adverse public cues lower household sentiment and postponable demand, the same adverse
cue has larger real effects in states with greater adverse-memory exposure, and household

sentiment responds more strongly to public cues than do professional GDP forecasts.
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3.1 Introduction

Why do confidence slumps sometimes become so persistent? Periods of weak demand are
often accompanied by a broader deterioration in expectations: households become more pes-
simistic not only about their own circumstances, but about aggregate economic conditions.
This pessimism can outlast the original disturbance and help sustain the downturn. Standard
macroeconomic models offer several ways to think about this phenomenon (self-fulfilling be-
liefs, higher-order uncertainty, financial amplification, or nominal rigidities), but they usually
treat confidence either as an exogenous disturbance or as an object that moves with funda-
mentals through a stable mapping. They are less well suited to explaining a simple asymmetry
that is central to many downturns: confidence can be highly fragile at the onset of a slump,

yet remarkably sticky once the slump is under way.

This paper develops a theory of that asymmetry. The starting point is behavioral but
familiar. People often do not form expectations by applying a fixed statistical model to all
available information. Instead, they imagine the future by recalling similar past episodes, and
which episodes come to mind depends on the context from which recall begins. In macroeco-
nomic settings, the relevant context is often ordinary visible demand: whether shops are busy,
whether purchases seem easy or constrained, whether hiring looks active or weak, whether the
economy feels expansionary or recessionary in everyday life. These visible conditions serve
as cues. They shape which past demand episodes are recalled, and those recalled episodes in
turn shape expectations about future aggregate demand. Cues can also shift for reasons other
than realized demand: a news story, a policy announcement, a vivid anecdote about earlier

downturns, or idiosyncratic experiences unrelated to macroeconomic conditions. Such dis-
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turbances, which the paper calls narrative shocks, perturb attention without directly changing

fundamentals.

Once this idea is embedded in equilibrium, confidence becomes endogenous to ordinary
economic conditions. Current demand affects the cue. The cue affects which past episodes
are recalled. Recalled episodes affect expected future demand. Expected future demand feeds
back into current demand. One household’s spending therefore enters the context in which
other households form beliefs. This creates an endogenous confidence multiplier: stronger
demand today improves the cue seen by others, raises their optimism, and supports additional

spending.

The paper’s central claim is that this cue-based expectation mechanism, combined with
adverse-specific resonance in the similarity kernel, gives downturns the fragile-at-onset, sticky-
under-way asymmetry described above. Near the unstable boundary between confidence
regimes, memory is actively sorting between expansionary and contractionary episodes, so be-
liefs are highly sensitive to current conditions. Confidence is fragile. Deep inside a prolonged
low-confidence regime, recall becomes concentrated on adverse episodes; adverse cues recall
those memories more readily than favorable cues recall favorable ones; and the cue perturba-
tion required to move recall back toward the boundary grows. Confidence is therefore fragile
near regime boundaries and sticky in low-confidence interiors, and both properties arise from

the same retrieval mechanism.

The analysis takes place in a Hicksian temporary-equilibrium framework with two hori-
zons. Within each period, the economy inherits an active memory database summarizing
the stock of past demand episodes currently available for retrieval. Conditional on that in-

herited database, current aggregate consumption is determined as a fixed point of a demand
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map. Across periods, the database itself evolves as realized demand outcomes are encoded
into memory and older episodes decay. This distinction between within-period equilibrium
and across-period memory accumulation is central: the local multiplier and multiplicity results
hold the database fixed, while persistence and tipping arise from the endogenous evolution of

memory over time. Figure 3.1 summarizes the within-period and across-period loops.

The theory delivers three main results. First, holding the inherited database fixed, the
response of current demand to a small disturbance takes a familiar multiplier form, but the
source of amplification is different from standard strategic-complementarity stories. The key
object is the mnemonic gradient: the sensitivity of expected future demand to the current cue.
Formally, the local feedback slope is I' = ®'(M) M, the product of the demand response to
expectations and the cue-slope of mnemonic expectations. The within-period multiplier on a
fundamentals shock is 1/(1 — I'), and the same multiplier governs the response of demand to

attention shocks that perturb the cue without changing fundamentals.

Second, once the mnemonic gradient is allowed to vary with the state, the economy can
sustain multiple confidence regimes. This multiplicity does not arise because beliefs are ex-
ogenously distorted or because agents randomize across equilibria. It arises because the cue
can strongly discriminate between rival demand episodes for some configurations of the inher-
ited memory stock. The economy is most fragile precisely where memory is actively sorting

between competing narratives of expansion and contraction.

Third, neutral memory accumulation makes this within-period geometry dynamically
consequential, and adverse-specific resonance in the similarity kernel makes it asymmetric.
Realized demand is encoded into the database that disciplines retrieval in the next period; a

sequence of weak-demand realizations shifts the inherited database toward adverse states and
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makes low-confidence regimes persistent once entered. This is the source of hysteresis, and
it operates even when adverse and favorable episodes are encoded at the same rate and de-
cay at the same rate. Adverse-specific resonance adds a separate source of asymmetry within
the period: an adverse-resonance term in the similarity kernel makes adverse cues recall ad-
verse memories more readily than favorable cues recall favorable memories. Together, the two
mechanisms make cross-regime tipping asymmetric: cue perturbations can tip the economy
across confidence regimes when it is near the boundary, and escaping a low regime requires

a strictly larger cue perturbation than entering it.

The paper also develops two supporting extensions. A heterogeneity extension shows
that aggregate amplification is stronger when adverse-memory exposure covaries positively
with high marginal propensities to consume. A policy section interprets standard stabilization
tools through the same cue-belief-demand loop, emphasizing that policy changes not only
resources and incentives, but also the context from which households retrieve and imagine
aggregate outcomes. Both are treated as extensions to the central dynamic mechanism rather

than as separate centerpieces.

The empirical section asks whether the paper’s distinctive aggregate implications ap-
pear in the data. We construct public-data analogues of the model’s central mechanisms: cue
shocks identified from news sentiment, economic-policy uncertainty, and adverse-attention
search data; and state-level adverse-memory exposure built from recent unemployment and
house-price histories. National impulse responses show that adverse public cues lower house-
hold sentiment and reduce postponable demand, with the cleanest spending response in ve-
hicle sales after adverse policy-uncertainty shocks. The model’s most distinctive public-data
implication is that the same adverse cue should have larger real effects in places where re-

cent adverse experiences make that cue more resonant. We test this in a state-month panel
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of building permits interacted with state-level adverse-memory exposure: the headline inter-
action coeflicient is —1.83 with state-clustered standard error 0.68 and a wild-cluster boot-
strap p-value of 0.005, robust to permutation, random-cue, and leave-one-state placebos. As
a behavioral check, public adverse cues move household sentiment more strongly than they
move professional GDP-growth forecasts, consistent with the model’s positioning of house-
hold beliefs as cue-based and memory-mediated. The aggregate evidence does not, by itself,
structurally identify memory: the contribution of the empirical section is narrower, namely
to show that the joint pattern of cue-induced demand pass-through, adverse-memory ampli-
fication, and the household-vs.-forecaster wedge is more naturally organized by the model’s

memory mechanism than by the main rival interpretations considered here.

The paper builds directly on the cognitive-economics line of Bordalo et al. (2020, 2023,
2025a), in which expectations are formed through selective retrieval and simulation rather
than through stable statistical updating, and on the survey evidence of Bordalo et al. (2026b)
showing that cues can shift macroeconomic beliefs without providing new information. It also
connects to narrative-based accounts of sentiment spillovers (Shiller 2019b; Akerlof and Shiller
2009), replacing reduced-form sentiment transmission with a specific retrieval operator and an
explicit law of motion for active memory. The behavioral foundation is not the contribution
here. The contribution is the macroeconomic implications that follow from that mechanism
in equilibrium: an endogenous confidence multiplier, state-dependent multiplicity, fragility

near regime boundaries, stickiness in low-confidence interiors, and tipping through narrative

shocks.

Several adjacent macroeconomic literatures are also engaged. The literature on self-
fulfilling fluctuations and indeterminacy (Benhabib and Farmer 1994) treats multiplicity as a

property of the aggregate-demand map under reduced-form expectational complementarity;
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here multiplicity is endogenous to retrieval discriminability and the inherited memory compo-
sition, with explicit state dependence. The confidence-multiplier and higher-order-belief lit-
erature (Angeletos and Lian 2018) generates coordination-based amplification that is symmet-
ric across regimes; the multiplier here is microfounded by memory retrieval and made state-
dependent by adverse-specific resonance. Work on confidence spillovers and visible-demand
externalities (Bellifemine et al. 2025) is close in spirit on the spillover mechanism; the departure
is to specify the underlying cue-based retrieval operator explicitly and derive its asymmetric
dynamics. News-noise and information-friction models (Lorenzoni 2009; Beaudry and Portier
2006; Mankiw and Reis 2002; Sims 2003; Gabaix 2014) generate persistent belief errors and
demand pass-through in a context-invariant way; the present mechanism makes belief distor-
tion context-dependent through the cue, and ties cross-state heterogeneity in cue effects to a
state-specific memory stock rather than to belief noise alone. Diagnostic-expectations models
(Bordalo et al. 2018) generate distorted and asymmetric beliefs through a representative-agent
overweighting rule; here the cross-state heterogeneity follows from the database. Financial-
friction and occasionally-binding-constraint models (Guerrieri and Iacoviello 2017) generate
asymmetric persistence in downturns through balance sheets and constraints; here the asym-

metry comes from cue-dependent recall.

The remainder of the chapter proceeds as follows. Section 3.2 states the aggregate-demand
environment. Section 3.3 imports the similarity-based retrieval operator and describes the
similarity index. Section 3.4 establishes the within-period results: the retrieval slope, the con-
fidence multiplier, and static multiplicity. Section 3.5 introduces neutral memory updating
and shows that, conditional on the static multiplicity condition, neutral updating generates
hysteresis. Section 3.6 introduces adverse-specific resonance, shows that it expands the low-

confidence basin relative to the high-confidence basin along the cue-perturbation dimension,
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and characterizes the cue-perturbation tipping thresholds. Section 3.7 takes the joint pat-
tern of predictions to U.S. public data. Section 3.8 reports the heterogeneity extension, the
asymmetric-updating extension, and the policy interpretation. Section 3.9 concludes.

Figure 3.1: Mechanism Schematic

Cued Recall
Te (Qt 5 Dt)

Cue Inherited
qt Database D;

Within-Period Loop
Period t
Confidence Multiplier; Boundary Fragility

Current Demand
¢ = ar + O(M(qe, Dy))

Mnemonic Expectation
M (qt D t)

Across-Period Update
(Dy,ct) = Diya
Neutral Encoding/Decay; Hysteresis

Next-Period Dy¢1 Becomes the Inherited
Database Dt+1 Dy at the Start of Period t + 1

Encode Realized c;

Notes: This figure depicts the within-period and across-period loops of the model. Within period ¢, the in-
herited database D; is fixed and the within-period loop (solid blue) runs as a temporary equilibrium: cue —
inherited database — cued recall — mnemonic expectation — current demand — cue. Once ¢; is realized, the
across-period update (dashed red) maps (D, ¢;) — D, via a neutral law of motion that encodes adverse and
favorable realizations at the same rate and lets both decay at the same rate. The within-period loop is fragile near
regime boundaries, where retrieval discriminability is high; persistence comes from the across-period update,
and recession-skewed asymmetry arises separately from an adverse-resonance term in the similarity kernel that

makes adverse cues recall adverse memories more readily than favorable cues recall favorable memories.

3.2 Environment

The model is a reduced-form temporary-equilibrium aggregate-demand environment, in the

tradition of Hicks (1939) and Grandmont (1977).! Within a period, the inherited memory

! The use of temporary equilibrium here is deliberately reduced-form: the chapter does not build a full temporary
general equilibrium model. It uses the temporary-equilibrium timing to separate a within-period market-clearing
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database is fixed and aggregate consumption is determined as a fixed point of a self-referential
demand map. Across periods, the only endogenous state variable is the active memory database:

realized demand in period ¢ is encoded into the database that disciplines retrieval in period ¢t+1.

3.2.1 Reduced-Form Demand Block

The model has no production technology, no capital accumulation, no investment block, and
no explicit supply side. There is no labor market, no nominal rigidity, and no independent
monetary-policy block. The within-period object of interest is aggregate consumption c¢;, and
the only endogenous state variable carried across periods is the active memory database D;.
Once ¢; is realized, it is encoded into D, ; through a law of motion stated in Section 3.5. Pro-
duction, capital, and supply-side considerations could be added to this block, but the questions
studied here (multiplier, multiplicity, hysteresis, and basin asymmetry) are properties of the

demand block alone.

3.2.2 Timing

The within-period timing is as follows. At the start of period ¢, the database D, is predeter-
mined. Aggregate consumption ¢; and the cue ¢; are jointly determined in a temporary equilib-
rium: given the equilibrium cue, households retrieve episodes from D, the retrieved episodes
form expectations of next-period aggregate demand, and current demand clears through a

reduced-form aggregate-demand equation. After ¢, is realized, the database updates to Dy ;.

fixed point, conditional on the inherited memory database, from the across-period evolution of that database. This
separation is also common in macroeconomic models with non-rational or learning-based expectations; see, for
example, Adam and Marcet (2011) and Eusepi and Preston (2011).
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3.2.3 Experiences and Database

A stored experience is a triple

€ = (Iev Ve, ge)y

in which x. € R is the experience’s feature (in this paper, the level of aggregate demand
associated with the past episode), v. € R is its valence, with v, < 0 for adverse episodes and
v, > 0 for favorable ones, and &, is its context label, the broader environmental or emotional

backdrop. The active memory database is the collection of weights

D, = {ne,t}eeE‘a (3-1)

in which n.; > 0 is the active mass on episode ¢ at date ¢ and E is a fixed set of episodes

available to be recalled.

3.24 Cue

The cue ¢; summarizes how current demand presents itself to households along three channels:
a feature channel carrying the level of visible demand, a valence channel carrying the affective

tone of current conditions, and a context channel. We write

¢ = (a+nf, Via—0) +n), &+ni), (3.2)

in which V(-) is continuously differentiable with V'(-) > 0, V(0) = 0, and odd; & is the
context component associated with current conditions, possibly correlated with current de-

mand but not restricted to be a function of ¢;; and ¢ is a benchmark level of normal demand.
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The deterministic component V' (¢; — ¢) assigns positive valence to above-normal demand and
negative valence to below-normal demand. The realized cue valence also includes ny, so the
economic context can be perceived negatively even when measured demand is above normal.
The three perturbation terms n?, n?, and n¢ allow the cue to be shifted along each channel

independently of current demand.

Feature-Channel Restriction. The main analysis sets the valence and context perturbations
to zero,

ny = n (3.3)

and studies the scalar feature-channel perturbation n,. The endogenous valence and con-
text components V' (¢; — ¢) and & continue to vary with current conditions. The richer cue
mapping in (3.2) is retained because a broad experience-effects literature shows that personal
experiences shape macroeconomic beliefs, including idiosyncratic experiences that carry no
information about aggregate fundamentals (Malmendier and Nagel 2011; Kuchler and Zafar
2019; d’Acunto et al. 2021; Taubinsky et al. 2024; Cenzon 2025; Bordalo et al. 2026b); Section 3.8

returns to that interpretation.

3.2.5 Demand Equation

Aggregate consumption clears through a reduced-form demand equation,

¢ = ap+ ®(M(q, Dy)), () >0, (3.4)
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in which a; is an exogenous demand shifter (income, wealth, fiscal transfers, or other fun-
damentals) and M(q;, D;) is the mnemonic expectation of next-period aggregate demand,
defined formally in Section 3.3. The function ® is the demand response to expected future
demand; we take ® to be centered in the odd sense, ®(—M) = —P(M ), with constant terms
absorbed into a;. The linear specification ®(M) = (M satisfies this once the constant is

absorbed.

Because ¢; depends on ¢; through (3.2), and because ¢; depends on ¢; through (3.4), current
consumption is determined as a fixed point of a self-referential map. Holding the inherited

database D, fixed, this fixed point solves

G = ap+ (I)(M(Q(Cunt), Dt))7 (3.5)
in which ¢(¢;, ny) is the cue mapping under the feature-channel restriction (3.3). Section 3.3
imports the retrieval operator that defines M (q;, D;); Section 3.4 characterizes the fixed point.
3.3 Similarity-Based Retrieval

Households form mnemonic expectations of next-period aggregate demand by retrieving sim-
ilar past demand episodes from the active memory database. The retrieval primitive is the
similarity-based operator developed by Bordalo et al. (2025a) and disciplined for macroeco-
nomic expectations by Bordalo et al. (2026b). This section imports that operator and defines

the similarity kernel.
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3.3.1 Recall and Expectation Operators

Given a cue ¢; and a database D; = {n.}.cp, the recall probability of an experience e is

5(67 Qt) ne,t
Ywep S q)ne,’

re(a. D) = (36)

in which S(e, q) is the similarity primitive and the denominator normalizes recall to a prob-
ability distribution over E. Recall rises with the similarity between the cue and the episode

and with the relative frequency of the episode in the active database.

The cue-dependence of recall is the source of the aggregate feedback studied below: cur-
rent demand affects the cue, the cue changes which episodes are recalled, recalled episodes

shape expected future demand, and expected future demand feeds back into current demand.

The mnemonic expectation of next-period aggregate demand is the recall-weighted av-

erage of the simulated next-period outcomes implied by retrieved episodes,

M(q, Dy) = ZTe(C]t,Dt) a(e), (3.7)

eckE

in which o (e) is the next-period aggregate demand simulated from experience e. Throughout
the analysis, o(e) = x.: the simulated next-period demand from a recalled episode equals the
demand level stored with that episode. The richer simulation map of Bordalo et al. (2026b) is
consistent with (3.7) and is recovered as a special case; the level specification is sufficient for

the aggregate-demand questions studied here.
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3.3.2 Similarity Kernel

The similarity primitive takes the exponential form used by Bordalo et al. (2025a),

S(e,q) = exp{ns(e,q)}, n>0,

in which s(e, ¢) is the similarity index and 7 is a concentration parameter governing how
sharply recall focuses on the closest-matching episodes. The exponential/softmax form is stan-
dard in similarity-based choice models since Luce (1959).> The single parameter 1 summarizes
recall sharpness: as 7 — 0, recall becomes insensitive to the cue and is driven only by database

masses; as 1) — 00, recall concentrates on the most-similar episode.

The similarity index has two components:

s(e,q) = — |z, — x| + A1{sign(v,) = sign(v.)}, A>0. (3.8)

The first term, feature similarity, is the standard distance-based form used in similarity-based
recall (Bordalo et al. 2025a):> past episodes whose demand feature z. is close to the cue fea-
ture x, are more retrievable. The second term, governed by ), is valence congruence: a well-
established finding in the psychology of memory (Bower 1981) is that adverse cues make ad-
verse experiences more retrievable, and favorable cues make favorable experiences more re-

trievable. The indicator 1{sign(v,) = sign(v.)} imposes the simplest symmetric form of this

2 With this form, the recall distribution (3.6) is the softmax of similarities, which yields the closed-form derivatives
used in the within-period results of Section 3.4.

* The Laplace form —|z, — x| is nondifferentiable at z; = z.. Appendix C.1.1 states smooth alternatives that
yield the same comparative statics.

129



principle.* The parameter \ controls the strength of valence congruence: A = 0 collapses the
kernel to pure feature similarity, while larger ) tilts recall toward valence-congruent experi-

ences regardless of feature distance.

3.3.3 Mnemonic Expectation in the Two-Type Case

We specialize £ in equation (3.1) so that only two experience types appear in the database:
an adverse type e, and a favorable type ey. The database is then characterized by the active
masses on these two types, A; = n., ; and B; = n., ;. These masses are state variables that
vary across periods: realized adverse demand raises A;, realized favorable demand raises B;,
and both decay over time. The law of motion governing their evolution is stated in Section 3.5;
the within-period analysis below takes them as predetermined. The two-type specialization is
a tractability simplification. The mechanism does not depend on there being only two types,
but the specialization makes the multiplier, multiplicity, and basin-geometry results transpar-

ent.

In the symmetric specification used below,

ep = (—a*, —v*, &),  eg = (25,0, &), 2t v >0,

the two types are mirror images in feature and valence. Define the adverse-memory share

Ay
= — € [0,1],
my A, + B, [0,1]

* Atv, = 0 the valence indicator is assigned by a fixed tie-breaking convention, which has no effect on the results
away from the boundary.
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which summarizes the composition of the database at date ¢. Different histories of realized
demand produce different m;: extended adverse periods drive m, toward 1, extended favorable

periods drive m; toward 0, and mixed histories yield intermediate values.

In this specification, the mnemonic expectation takes a closed form. It is convenient to

write it in terms of the log-odds of recalling the adverse type relative to the favorable type,

w = log (g, Dy)
(e, Dt)
Substituting the recall probabilities (3.6) and the simulated outcomes o(e;) = —x*and o(ey) =
x* into (3.7) gives
* Wi
M(q,Dy) = —x tanh(;) . (3.9)

The derivation, together with a discussion of how the result generalizes to richer databases, is

in Appendix C.1.2.

The expression has a clean interpretation. When wy is large and positive, recall is concen-
trated on the adverse type and M ~ —z*: expected future demand is low. When w; is large

and negative, recall is concentrated on the favorable type and M ~ z*:

expected future de-
mand is high. When w; is near zero, recall is balanced between the two types and M responds
sharply to small changes in the cue. The next section shows that this balanced-recall region

is where the demand map can become steep enough to amplify shocks and generate multiple

temporary equilibria.
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3.4 Static Feedback and Multiplicity

This section studies the within-period fixed point in ¢;, taking the memory database D, as
predetermined; the dynamics of D, are taken up in Section 3.5. Three results follow. The first
characterizes how the mnemonic expectation responds to the cue (Proposition 1). The second
derives the within-period response of ¢; to fundamentals and attention shocks (Proposition 2):
both responses share the same memory-feedback denominator. The third gives the conditions
under which the temporary equilibrium admits multiple stable solutions for a given database

(Proposition 3).

3.4.1 Retrieval Slope

How does the mnemonic expectation M (g, D) respond to a change in the cue? Holding the
database fixed, the relevant object is the partial derivative OM /0x,, the slope of mnemonic
expectations with respect to the feature component of the cue. The mnemonic expectation
is a recall-weighted average of feature outcomes, so a change in the cue affects M by real-
locating recall weights across types. How much M actually moves in response to the cue
depends on the composition of the database. When the database is concentrated on one type,
recall is anchored to that type and small cue shifts barely move it, so M moves little. When
the database holds different types of past experiences in balance, the cue can redistribute re-
call across types whose feature outcomes differ, and M moves a lot. The slope is therefore
largest when recall is balanced and smallest when recall is concentrated on one type. The next

proposition formalizes this intuition as a covariance under the recall distribution.
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Proposition 1. Under the kernel of Section 3.3.2, the slope of the mnemonic expectation with

respect to the cue’s feature component is

8M(q, D) . as<e7 q)
—8mq = Cov, (a(e), n Dz, ), (3.10)

where Cov, denotes the covariance under the recall distribution r.(q, D).

Equation (3.10) shows that the cue matters when it reallocates recall toward episodes with
different simulated outcomes. If almost all recall weight is on one type, the covariance is small.
If recall is balanced across rival types, small cue changes shift weight across outcomes with
different o (e), and the slope is large. In the two-type case, this high-slope region corresponds
to w; near zero; under the symmetric benchmark, this is the region in which m, is near 1/2.

The proof of Proposition 1 and the explicit two-type formula are in Appendix C.1.1.

3.4.2 Confidence Multiplier

How does within-period demand c respond to an exogenous shock? Two kinds of shocks
matter for what follows. A fundamentals shock a enters the demand equation (3.4) directly,
moving c before any expectations adjust. An attention shock n enters only through the cue
mapping (3.2), shifting how households see current conditions without changing fundamen-
tals. Both shocks set off the same self-referential loop: a change in ¢ moves the cue, the cue
changes recall, recall moves M, and M feeds back into ¢ through ®. The two responses there-

fore share a single memory-feedback denominator; they differ in their numerators.

Proposition 2. Consider the feature-channel local benchmark in which the exogenous perturba-

tion isn = n” and the valence and context components of the cue are held fixed for the local
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comparative static. At a stable temporary equilibrium c* defined by (3.5), with ® and M contin-

uously differentiable, define the local memory-feedback slope

where M, = OM /Ox, is the retrieval slope of Proposition 1. IfI" < 1 at ¢*, then

G L 0 T (3.11)

Jda 1-T on 1-T
The object I is the local strength of the memory-feedback loop. It is the product of two
slopes: M, the effect of the cue on mnemonic expectations, and ®’'(M), the effect of those
expectations on current demand. If I' < 1, a marginal shock is amplified but the feedback is lo-
cally damped. If ' = 1, the feedback is exactly self-sustaining: a marginal increase in demand
moves the cue, the cue moves expectations, and expectations move demand by exactly enough
to reproduce the original marginal increase, and the temporary-equilibrium map is tangent to

the 45-degree line. If ' > 1, the feedback is locally stronger than the initial movement, and

the fixed-point map can support multiple equilibria.

The denominator 1 —I' is the memory-feedback factor that both responses share; the nu-
merators differ because the two shocks enter the system at different points. A fundamentals
shock has a direct effect on ¢ amplified by the feedback, yielding the standard Keynesian-
multiplier form 1/(1 — T") but with the propagation channel microfounded by memory-based
retrieval rather than postulated. An attention shock has no direct effect on c; it works en-
tirely through the cue, with multiplier I'/(1 — T"). This is the response of demand to a shock

that changes no fundamentals and only shifts the cue from which households retrieve past
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episodes. As I" approaches one from below, both responses become large; Section 3.4.3 shows
that when the feedback slope exceeds one on an interval, the temporary-equilibrium map can

admit multiple stable regimes.

Full-Channel Form. When valence or context also move locally with current demand, the
same logic holds with I' replaced by the total fixed-point slope. Appendix C.1.4 gives this
expansion and shows that, under the kernel of Section 3.3.2, the total slope reduces to I' in
the interior, so (3.11) is generically valid in the main analysis. The proof of Proposition 2 is in

Appendix C.1.3.

3.4.3 Static Multiplicity

Can the temporary equilibrium be non-unique? Define the temporary-equilibrium map

F(¢;Dya) = a+®(M(q(c,O),D)), (3.12)

the right-hand side of (3.5) treated as a function of ¢ at fixed database D, fundamentals a, and
zero attention shock. A fixed pointis avalue of cat which F'(¢; D, a) = ¢; geometrically, a fixed

point is a crossing of the graph of F’ with the 45-degree line (the diagonal {(c, c¢) : ¢ € R}).

The relevant object for multiplicity is the slope of F,

Fe:D.a) = 2D
C

which measures how strongly a marginal change in current demand feeds back into itself

through the memory loop. If F.(c; D, a) < 1forall ¢, then F'(¢; D, a) — c s strictly decreasing;
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under the tail-crossing condition, the fixed point is unique. If /. > 1 on an interval, a marginal
increase in c raises /' by more than the increase and pushes F" above the 45-degree line. Under
the regularity conditions below, this yields three crossings for some range of fundamentals:
low and high stable fixed points separated by an unstable middle one. In the feature-channel
benchmark, F. = T, so the same memory-feedback slope that governs the multiplier also

governs multiplicity.

Proposition 3. Fix D and consider the temporary-equilibrium map F(c; D, a) defined by (3.12).
Suppose the tail-crossing and regular S-shape conditions of Appendix C.1.5 hold. If F,. > 1 on an
open interval, then there is a non-empty open set Ap C R such that for every a € Ap, the map

admits two locally stable fixed points and one unstable fixed point.

The proposition formalizes the standard Keynesian-cross multiplicity argument applied
to the memory-augmented demand map. The substantive content is that the slope condition
F.(¢; D,a) > 11is not a primitive assumption. In the feature-channel benchmark, this slope is
I' = ®'(M) M,, and M, depends by Proposition 1 on the dispersion of recall, which in turn
depends on the composition of the database D. Multiplicity is therefore endogenous to mem-
ory: different databases produce different intervals on which the fixed-point slope exceeds
one and hence different ranges Ap of fundamentals consistent with multiple equilibria. A
database concentrated on a single type may admit no such interval at all, and the equilibrium

is then unique for every a. Figure 3.2 illustrates the three cases.
The regularity conditions and the proof of Proposition 3 are given in Appendix C.1.5.

Section 3.4 held the database D fixed; Section 3.5 now makes D dynamic: realized demand
at t is encoded into the database that shapes retrieval at ¢ 4+ 1. Under the static multiplicity

condition of Proposition 3, this updating turns temporary regimes into persistent ones.
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Figure 3.2: Fixed-Point Geometry of the Temporary-Equilibrium Map
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Notes: This figure plots the temporary-equilibrium map F'(c¢; D,a) against the 45-degree line under three
database compositions. Left (mostly bad memories, m, near 1): unique low fixed point because recall is anchored
to the adverse type and the fixed-point slope stays below one. Middle (mixed memories, with recall balanced be-
tween rival types): three fixed points, two stable (filled circles) and one unstable (open circle), because balanced
recall raises the fixed-point slope above one over an interval. Right (mostly good memories, m; near 0): unique
high fixed point.

3.5 Neutral Updating and Hysteresis

Section 3.4 held the database D fixed. This section makes D dynamic. The main result is
that, conditional on the static multiplicity condition of Proposition 3, even a memory law
of motion that treats adverse and favorable realizations symmetrically generates hysteresis:
realized demand changes the database that disciplines future recall, so a temporary shock can

generate a persistent regime change.

3.5.1 Neutral Law of Motion

In the two-type case of Section 3.3.3, the active masses A; and B; evolve according to

Air = pAr + k1{c < 0}, Biy1 = pB; + k1{¢ > 0}, (3.13)
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with common decay rate p € (0,1) and common encoding rate k > 0.> The parameter p
captures active-memory durability: higher p means that previously encoded episodes remain
retrievable for longer. The parameter x captures encoding intensity: higher ~ means that a re-
alized episode receives more active mass when it occurs. The benchmark is neutral because the
same p and r apply to adverse and favorable realizations: thereisno p~ > p*andnox™ > k™.
Asymmetric encoding and decay can be added as a robustness extension (Section 3.8.2); they
sharpen the recession-skew result of Section 3.6 but are not required for the main hysteresis

result.

More generally, the active-memory database can evolve according to

Net+1 = PeNegt + Ke K(G, Ct)7 (314)

where K (e, ¢;) places new mass on episodes whose features are close to the realized demand
state. This formulation separates two memory forces. Recency operates through the new en-
coding term r, K (e, ¢;): the current realization, or episodes similar to it, receives fresh active
mass at date £+ 1. Salience and durability operate through . and p,: large, vivid, or personally
meaningful episodes may be encoded more strongly or decay more slowly. The neutral bench-
mark in (3.13) sets these parameters symmetrically across the two types in order to show that
hysteresis does not require assuming that bad memories are encoded more strongly or retained

longer.

The limiting behavior of (3.13) is symmetric. If ¢; < 0 in every period, A; — /(1 — p),
B; — 0, and the adverse-memory share m; — 1. If ¢; > 0 in every period, A; — 0, By —

k/(1 — p), and m; — 0. A sustained low regime therefore makes adverse memories easier to

> Ties at ¢; = 0 are assigned by a fixed convention; this convention has no effect on the results.
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retrieve in the future; a sustained high regime makes favorable memories easier to retrieve.

Both limits are reached at the same rate p.

3.5.2 Hysteresis Under Neutral Updating

The static multiplicity result gives the economy two possible stable branches for the same
fundamentals: a low-confidence branch and a high-confidence branch. By itself, this is only
a within-period statement. If the database were fixed forever, a temporary shock could move
current demand while the shock lasts, but the memory environment facing households would

be unchanged once the shock disappeared.

Updating changes this logic. When a temporary shock moves the economy into the low
branch, the low realization is encoded into the next database. That database then makes ad-
verse episodes easier to retrieve, which supports pessimistic expectations and keeps demand
low. The same logic works in reverse for the high branch. Neutral updating therefore makes
regimes self-confirming: it does not create the two regimes, but it makes entry into one of

them affect future recall.

Formally, the joint state is (¢;, D). Within period ¢, ¢, is determined as a fixed point given
the predetermined D;. Across periods, D; evolves according to (3.13). The main result is that,
conditional on static multiplicity, this joint system has two locally stable steady states, and a
temporary shock that moves the economy into one of them can produce a regime that persists

after the shock disappears.

Proposition 4. Suppose the static multiplicity condition of Proposition 3 holds for neighborhoods
of the low- and high-regime databases, and suppose the branch-regularity conditions stated in

Appendix C.1.6 hold. Under the law of motion (3.13), the joint (c;, m;) system has two locally
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stable steady states (¢}, m}) and (cj;, mj;), with ¢, < 0 < ¢j; and mj > m};. A temporary
fundamentals or attention shock that moves the economy into one of these basins produces a
realized demand outcome that is encoded into D, biasing future recall toward the realized
regime. The regime can therefore persist after the original shock disappears, with persistence

increasing in p.

Neutral updating does not create multiplicity. Multiplicity is a static property of the
within-period map: it requires the slope condition F. > 1 over an interval (Proposition 3),
which depends on the composition of D, not on how D evolves. What neutral updating con-
tributes is that multiplicity becomes dynamically consequential. Once the economy is in a
basin, the law of motion validates that basin by encoding its realized demand outcomes into
the database, and the static fixed points become dynamic attractors. Figure 3.3 illustrates this
with two simulated paths of the joint (¢;, m;) system: a favorable-baseline path that remains in
the high regime, and an adverse-tipped path in which a temporary negative cue perturbation
moves realized demand into the low basin and the low regime persists after the perturbation
disappears. In the symmetric benchmark, both basins are equally persistent; recession-skewed

persistence requires an asymmetry, which Section 3.6 introduces in the similarity kernel.

The proof of Proposition 4 is in Appendix C.1.6. The section’s point is narrow. Neu-
tral updating turns static multiplicity into dynamic persistence, but it does not make the low
regime harder to exit than the high regime. In the symmetric benchmark, the two basins are
mirror images. Section 3.6 introduces an adverse-resonance term in the similarity kernel and

studies how this symmetry breaks.
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Figure 3.3: Dynamic Path of (¢;, m;) Under a Temporary Cue Perturbation
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Notes: This figure plots two simulated paths of the joint (c;, m;) system. The favorable-baseline path (solid)
remains in the high regime throughout. The adverse-tipped path (dashed) receives a temporary negative cue

perturbation from ¢ = 50 to t = 70 (shaded window) that moves ¢, into the low basin. The realized adverse

demand is encoded into the database, raising the adverse-memory share m;, and the low regime persists after

the perturbation disappears (bottom panel). Persistence is increasing in the durability parameter p.

3.6 Adverse Resonance and Recession Skew

Section 3.5 showed that, under the kernel of Section 3.3.2 and the neutral law of motion, hys-

teresis is symmetric: a temporary cue perturbation can move the economy from the high

regime to the low regime or from the low regime to the high regime, and the two regime
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dynamics are mirror images. This section studies recession skew: the asymmetry that the low-
confidence regime is easier to enter than to exit, or equivalently that the cue perturbation
required to move from the low regime to the high regime is larger than the perturbation re-
quired to move from the high regime to the low regime. This object is the confidence-regime
analogue of a broader macroeconomic fact: downturns and expansions are not mirror images.
Recent work documents this asymmetry in unemployment dynamics, business-cycle skew-
ness, firm-level growth distributions, and downside risk more generally (Dupraz et al. 2025;
Jensen et al. 2020; Salgado et al. 2019; Jorda et al. 2024). The contribution here is to derive one

psychological source of that asymmetry.

We keep the law of motion neutral and introduce a single term in the similarity kernel
that breaks the symmetry of the benchmark: an adverse-resonance term. The result is that
escaping the low-confidence regime requires a larger cue perturbation than entering it. The
low-confidence regime becomes harder to exit than to enter, without any asymmetry in fun-

damentals, the law of motion, or the demand block.

3.6.1 Symmetric Benchmark

Under the kernel of Section 3.3.2 and the neutral law of motion of Section 3.5.1, the two
regimes of Proposition 4 are mirror images. The kernel treats adverse and favorable valence
symmetrically through the congruence term \; the law of motion encodes both types at the
same rate x and lets both decay at the same rate p; the demand block ® is centered with
O(—M) = —®(M); and in the two-type specification of Section 3.3.3, the adverse and favor-
able episodes are sign-flipped images of each other. These restrictions remove any structural

asymmetry between the two regimes.
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The implication is that the joint (¢;, m;) system is invariant under the sign-flipping in-
volution (¢, m,n,a) — (—c¢, 1 — m, —n, —a), together with the relabeling of adverse and
favorable episode types. Every dynamic path in the low regime has a mirror-image path in the
high regime, with database composition reflected and cue and fundamentals shocks flipped.

The two regimes are therefore symmetric in their persistence and tipping thresholds.

This is the natural baseline. The remainder of Section 3.6 introduces a single term in
the similarity kernel that breaks this symmetry, and traces out its consequences for basin

geometry.

3.6.2 Adverse Resonance

The symmetric valence channel of Section 3.3.2 is not enough to generate recession skew.
The term governed by A makes same-valence memories more retrievable: adverse cues make
adverse experiences more retrievable, and favorable cues make favorable experiences more
retrievable. But this force is symmetric. With the neutral law of motion and the centered

demand block, the low and high regimes remain mirror images.

To make the low-confidence regime harder to exit than to enter, the similarity space itself
must be asymmetric. The asymmetry introduced here is adverse resonance: adverse experi-
ences may share psychologically relevant features (financial stress, loss of control, constrained
spending, anxiety, and reduced agency) that make them especially mutually retrievable. Favor-
able experiences need not share an equally tight common structure along these dimensions.
We capture this by adding one term to the similarity index that is active only for adverse
cue—experience pairs. The A\ term makes recall valence-dependent; the y term makes recall

recession-skewed.
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Formally, we augment the similarity index of Section 3.3.2 with one new term:

s(e,q) = — |rg — x| (feature similarity)
+ A1 {sign(v,) = sign(v.)} (valence congruence) (3.15)
+ x1{v, <0, v. < 0}, x > 0 (adverse resonance).

The new term raises the recall weight of adverse experiences only when the current cue is itself
adverse; it has no counterpart on the favorable side. Under the feature-channel restriction used
in the main analysis, n¥ = 0, so v, = V(¢ — ¢). The x term is therefore active in the adverse-
cue region ¢ < ¢ and inactive in the favorable-cue region. Setting x = 0 recovers the kernel

of Section 3.3.2.

The empirical anchor is the experience-effects literature: adverse personal experiences,
including experiences outside the macroeconomic domain, are associated with more pessimistic
macroeconomic beliefs (Cenzon 2025; Taubinsky et al. 2024), and Bordalo et al. (2026b) estab-
lishes this channel causally using priming experiments that shift macroeconomic forecasts

without providing information about macroeconomic conditions.

The asymmetry y > 0 is distinct from an asymmetry in the law of motion, such as
adverse episodes being encoded more strongly or retained longer. Section 3.8.2 considers that
case as a robustness extension. The main analysis keeps the law of motion neutral and locates
the asymmetry in the similarity kernel, separating two mechanisms: persistence comes from

updating; recession skew comes from resonance.
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3.6.3 Boundary Slope vs. Interior Level

The temporary-equilibrium map exhibits two distinct geometric phenomena. Near the unsta-
ble boundary, recall is balanced across the two types, the retrieval slope M, is high (Proposi-
tion 1), and the fixed-point map is locally steep. Small cue perturbations can move the economy
across the basin boundary. This is a slope phenomenon: it reflects the within-period response

of demand to small cue changes and is generic to the multiplicity region.

Deep in either regime, recall is concentrated. The retrieval slope M, is small and local
feedback is weak, but the level of M, the memory-based expectation of next-period demand,
is strongly anchored on one side or the other. In the low regime, M is strongly negative
because recall is concentrated on adverse episodes; in the high regime, M is strongly positive
because recall is concentrated on favorable episodes. Escaping a regime therefore requires a
cue perturbation large enough to move recall back toward the middle region. This is a level
phenomenon: it depends on how far memory-based expectations are from zero, not on how

steep the map is locally.

Adverse resonance acts primarily on this level margin. To see why, start from a point in
the low regime. Recall is already tilted toward adverse experiences, so the memory-based ex-
pectation M is negative. When the cue is also adverse, the x term gives adverse experiences
an additional similarity boost relative to the symmetric kernel. This does not mainly make
the local slope large; deep in the low regime, recall is already concentrated. Instead, it low-
ers the level of M: households’ memory-based expectation of future demand becomes more
pessimistic. Since current demand satisfies ¢ = a + ®(M), a lower M shifts the temporary-

equilibrium map F' downward in the adverse-cue region.
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The shift is one-sided. Under the feature-channel restriction, v, = V(¢ — ¢), so the
adverse-resonance term is active when ¢ < ¢ and inactive when ¢ > ¢. Thus the low side of the
map is pulled downward, while the favorable-cue region is locally unchanged. The symmetric
benchmark treated low and high regimes as mirror images; adverse resonance breaks that

mirror by making the low side of the map more pessimistic in levels.

The geometric consequence is an expansion of the low basin along the cue-perturbation
dimension. Starting from the low regime, a positive cue perturbation must first undo the
adverse-resonance level effect before the economy reaches the steep boundary region where
recall can switch. Escaping the low regime therefore requires a larger positive cue perturbation
than in the symmetric benchmark. Starting from the high regime, by contrast, a negative cue
perturbation moves the economy toward the adverse-cue region, where the x term begins to
pull recall toward adverse experiences. Entering the low regime therefore requires a smaller

negative perturbation. The next subsection formalizes this threshold comparison.

3.6.4 Basin Asymmetry and Cue-Perturbation Thresholds

To make the comparison precise, define two positive cue-perturbation thresholds. Starting
from the low steady state (¢}, m} ) ata = 0, let 7/, denote the smallest positive cue pertur-
bation that moves realized demand across the unstable boundary into the high basin. Starting
from the high steady state (c};, m?%;), let 7y_,;, denote the smallest positive magnitude of a
negative cue perturbation that moves realized demand into the low basin. Both thresholds

depend on the database at the steady state and on the kernel parameters (7, A, ).

Proposition 5. Suppose the static multiplicity condition of Proposition 3 holds for neighborhoods

of the low- and high-regime databases, and suppose the monotone single-boundary and path-
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specific nondegeneracy conditions of Appendix C.1.7 hold. When x = 0, the cue-perturbation
thresholds are equal:

TL—>H(0) = TH-L (0) .

When x > 0, the low basin expands relative to the high basin along the cue-perturbation dimen-
sion:

TLHH(X) > TH%L(X)-

The first part restates the symmetry of Section 3.6.1; the proof uses the involution argu-
ment. The second part is the recession-skew result. The asymmetry follows from the level
effect of Section 3.6.3: x > 0 shifts the temporary-equilibrium map downward in the adverse-
cue region only, expanding the set of cue perturbations that keep the economy in the low basin
when it starts from the low steady state. Escaping the low regime therefore requires a larger
positive cue perturbation than entering it requires in the opposite direction. The mechanism
requires no asymmetry in fundamentals, in the law of motion, or in the demand block: the law
of motion remains neutral, the demand block remains centered, and the encoding and decay

rates remain symmetric.

The proof of Proposition 5 is in Appendix C.1.7. Section 3.7 now evaluates whether the

model’s joint dynamic pattern appears in U.S. aggregate data.

3.7 Empirical Discipline

The preceding sections derived the model’s static, hysteresis, and recession-skew predictions

from cue-based retrieval. This section asks whether U.S. data show patterns consistent with the

147



central mechanism. Aggregate evidence cannot observe retrieved memories directly; it asks
instead whether public adverse cues move household sentiment and postponable demand, and
whether the same adverse cue has larger real effects in states with greater adverse-memory
exposure, the public-data analogue of adverse resonance. A supplementary comparison of
household sentiment with professional forecasts serves as a behavioral-placebo check. The
section closes by reading the resulting facts as a joint pattern and comparing them to neigh-

boring expectation-formation mechanisms.

3.7.1 Empirical Predictions

The model implies three predictions for the U.S. public-data analysis.

Prediction 1: Public adverse cues lower sentiment and postponable demand. The mnemonic
expectation M (g;, D;) defined in equation (3.7) responds to the cue ¢; through the similarity-
based recall operator. An attention-channel cue shift therefore propagates to current consump-
tion through the demand block of equation (3.4). Adverse public cues should lower household
sentiment, an aggregate measure of household belief, and lower demand for the spending cate-
gories most sensitive to expected future demand. Vehicle sales, the most postponable national
consumption category, are the natural test case. This prediction follows from the within-period

confidence multiplier of Proposition 2 acting through the demand block of Section 3.2.5.

Prediction 2: Adverse memory amplifies cue effects. The adverse-resonance term Y in the
augmented similarity index of equation (3.15) makes adverse cues more retrieval-amplifying
in databases that hold more adverse experiences. The cross-state public-data analogue of basin

geometry is that the same adverse cue should have larger negative effects on real activity in
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states with greater recent adverse-memory exposure. This prediction follows from the basin

geometry and cue-perturbation thresholds of Proposition 5.

Prediction 3: Households respond more than professional forecasters. Inthe model, house-
hold beliefs are formed by similarity-based retrieval from a memory database; the cue activates
which past episodes are recalled, and the recalled episodes shape expected future demand. Pro-
fessional forecasters typically incorporate fundamental information through formal forecast-
ing procedures rather than cue-based recall. If the public cues we measure operate primarily
through household memory retrieval rather than through fundamentals, household sentiment
should respond to adverse cues more strongly than professional GDP-growth forecasts. This
prediction follows from the role of M (q;, D;) in equation (3.7) as a household belief-formation

rule that is cue-dependent and memory-mediated.

The model also implies dynamic predictions about persistence and recession skew: hystere-
sis (Proposition 4) implies that temporary cue perturbations can produce persistent regime
changes, and recession skew (Proposition 5) implies that the low-confidence regime is harder
to exit than to enter. The empirical exercises that follow focus on the cue-by-memory amplifi-
cation channel and do not test asymmetric persistence directly. Diagnostic evidence consistent
with the persistence prediction (a sign-asymmetry test in the regional panel and a half-life-

ratio diagnostic for Michigan sentiment) is reported in Appendix C.6.

3.7.2 Public Cue Shocks and Adverse-Memory States

The empirical design uses public adverse-cue shocks and state-level adverse-memory expo-

sure. Cue shocks are constructed from the national Daily News Sentiment Index (DNSI) of
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Shapiro et al. (2022), the Economic Policy Uncertainty (EPU) index of Baker et al. (2016),
Google Trends (GT) search attention for adverse economic terms (Choi and Varian 2012), and
a composite of these series. Each cue is residualized against macroeconomic controls and
standardized to unit standard deviation. State adverse-memory exposure is built from recent
unemployment-rate (UR) and house-price-index (HPI) histories, standardized across the state-
month panel and lagged before entering the regressions. The central test is whether the same

adverse cue has larger real effects in states with higher adverse-memory exposure.

The aggregate evidence does not observe retrieved memories directly. It asks whether
public adverse cues have the model-predicted effects on sentiment and demand, and whether
those effects are larger where recent adverse experiences make the cue more resonant. Data

sources, transformations, and full sample coverage appear in Table C.1 (Appendix C.2.6).

3.7.3 Public Cues Move Sentiment and Postponable Demand

The first exercise asks whether public adverse cues move household sentiment and postpon-
able demand. Figure 3.4 plots the demand response under the adverse EPU cue, with the clear-
est spending response in vehicle sales, the most postponable national outcome. Figure 3.5
shows the sentiment first stage: the Michigan Index of Consumer Sentiment (ICS) falls on

impact for all four cue measures.

In cumulative form, the adverse-EPU response of vehicle sales at 12 months is statistically
negative across the full, ex-COVID, and ex-GFC samples (Table 3.1). Household sentiment falls
significantly across all four cue measures (Table 3.2, Panel A). The remaining demand out-
comes are less precise: real personal consumption expenditures (PCE) and durables responses

are smaller and oscillate, and the corresponding confidence bands generally include zero (Ta-
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Figure 3.4: National Demand Responses to Adverse EPU
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Notes: This figure reports cumulative percent responses of three national demand outcomes to a 1-standard-

deviation adverse EPU shock, with 90% HAC (Newey-West) confidence bands. The clearest demand response is

in vehicle sales; real PCE and durable PCE responses are smaller and oscillate.

Figure 3.5: Household Sentiment Responses to Adverse Public Cues
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Notes: This figure reports Michigan ICS responses to a 1-standard-deviation adverse public cue, in index points.
Lines plot the four cue measures (DNSL, EPU, GT Adverse, Composite) with 90% HAC (Newey—-West) confidence
bands shown faintly. Household sentiment falls on impact for all four cue measures.
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Table 3.1: Vehicle Sales: Response to Adverse EPU Cues

Cue Outcome Sample Estimate N
EPU Vehicle Sales, Cum. h = 12 Full —0.0207*** 474
(0.0076)

[—0.0333, —0.0082]

EPU Vehicle Sales, Cum. h =12 Ex-COVID —0.0193*** 452
(0.0064)
[—0.0298, —0.0088]

EPU Vehicle Sales, Cum. h = 12 Ex-GFC —0.0133* 464
(0.0071)
[—0.0249, —0.0016]

Notes: The table reports cumulative log responses of total vehicle sales at horizon 1 = 12 to a 1-standard-
deviation adverse EPU cue across three sample variants. Each cell reports the point estimate (top), the HAC
(Newey—-West) standard error in parentheses, and the 90% confidence interval in brackets. The cue is residualized
against macroeconomic controls and standardized to unit variance before estimation. Sample tags: Full is the
full EPU residual sample (1985m3-2026m2); Ex-COVID drops 2020m3-2021m12; Ex-GFC drops 2008m9-2009m6.
Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

ble 3.2, Panel B). The exercise establishes the public-cue first stage: adverse public cues lower
household sentiment, and the clearest demand response appears in vehicle sales. It does not

claim that every cue measure moves every demand outcome.

3.7.4 Adverse Memory Amplifies the Effect of Adverse Cues

The second exercise tests the model’s central public-data implication: the same adverse cue
should have larger real effects in places where recent adverse experiences make that cue
more resonant. The preferred cue is adverse Google search attention, because it is closest to
household attention rather than professional news interpretation. The outcome is state-level
monthly building permits, counts of new privately-owned housing units authorized by local

building authorities, reported by the Census Bureau’s Building Permits Survey and aggregated
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Table 3.2: Sentiment and Demand Responses to Adverse Public Cues

Panel A: Household Sentiment Response

Cue

Outcome Estimate

DNSI

EPU

Michigan ICS, h = 1 —1.9804***
(0.5411)
[—2.8706, —1.0903]

Michigan ICS, h = 1 —2.5498***
(0.6008)
[—3.5381, —1.5616]

GT Adverse Michigan ICS, h = 3 —2.4648"**

(0.9597)
[—4.0436, —0.8861]

Composite Michigan ICS, h =1 —2.7573***

(0.9488)
[—4.3181, —1.1965]

520

485

253

233

Panel B: Other National Demand Outcomes

Cue

Outcome Estimate

EPU

EPU

EPU

Real PCE, Cum. h = 12 —0.0010
(0.0025)
[—0.0052, +0.0032]

Real PCE Durables, Cum. h = 12 —0.0118*
(0.0074)
[—0.0239, +0.0004]

Retail Sales, Cum. h = 12 —0.0038
(0.0039)
[—0.0103, +0.0026]

212

391

392

Notes: Panel A reports the most negative Michigan ICS response to a 1-standard-deviation adverse cue over hori-

zons h < 6, with the peak horizon shown next to each outcome; sample periods are DNSI 1980m3-2023m11, EPU
1985m3-2026m2, GT Adverse 2004m3-2025m12, and Composite 2004m2-2023m11. Panel B reports cumulative
log responses at horizon i = 12 of three additional national demand outcomes to a 1-standard-deviation adverse
EPU cue over the full EPU residual sample (1985m3-2026m2). Each cell reports the point estimate (top), the HAC

(Newey—-West) standard error in parentheses, and the 90% confidence interval in brackets. All specifications are

residualized against macroeconomic controls and standardized to unit variance before estimation. Significance
levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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to the state level. Permits are a leading indicator of residential construction and a natural test
of the model’s postponability channel: a permit application is an intertemporal commitment
that responds to expected future demand and financing conditions, so memory-based shifts in
expectations should pass through to permits more forcefully than to less time-sensitive spend-
ing. State permits is the longest-sample postponable real-activity outcome available at state-
month frequency; consistent with the national pass-through documented in Section 3.7.3, the
adverse Google search cue lowers national permits by approximately 1-4 percentage points
across horizons h € {0, 6, 18,24} in the same residualization design. We smooth log permits
with a 3-month moving average to reduce reporting noise. The specification includes state
and month fixed effects, so the national cue is absorbed in levels; identification comes from

the interaction between the national cue and lagged state adverse-memory exposure.

The estimating equation, written in window-averaged form, is
—~4:8 GT.—
Ay, = as+ 6 + /B(Shockt X Memory&t,l) + W1 + e, (3.16)

——4:8 . . . . .
where Ay, is the window-average cumulative response of smoothed log permits over hori-
zons h € {4,5,6,7,8}, Shock" "~ is the adverse Google Trends cue residual, Memory, ; ,
is the lagged state adverse-memory composite, and W, ;_; collects lagged state controls and

outcome dynamics.

As an intermediate mechanism check, we ask whether national adverse cues raise local
adverse-search attention more in high-adverse-memory states. The outcome is a state-level
Google Trends index built from searches for “recession,” “economic collapse,” “unemployment,”
and “layoffs.” Table 3.3 reports the cells where the cue X memory interaction is positive (the

model-predicted sign) and the 90% confidence interval excludes zero. The strongest evidence
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is under the national Google Trends adverse-attention cue at horizons h = 3 and h = 6;
DNSI and EPU also produce positive and significant interactions at 1 = 12. These results are
consistent with the model’s attention channel: the same adverse public cue generates more
adverse economic search attention in states where recent adverse experiences make the cue
more resonant. We do not estimate a structural mediation chain from attention to permits;
the search-attention and permits regressions are parallel reduced-form tests of the same cue-
by-memory mechanism. Construction details and the regression specification are reported in
Appendix C.4.1.

Table 3.3: State-Level Adverse-Search Attention: Cue X Memory Interactions

Cue Horizon Estimate N
GT Adverse h=3 +0.0504** 13,103
(0.0228)

[+0.0128, +0.0880]

GT Adverse h=6 +0.0413* 12,950
(0.0236)
[+0.0025, 40.0802]

EPU h=12 +0.0433*** 12,746
(0.0164)
[+0.0163, +0.0702]
DNSI h=12 +0.0251* 12,185
(0.0146)

[+0.0011, +0.0491]

Notes: The table reports state-month panel estimates of the cue X memory interaction coefficient BE%V for
cells where the estimate is positive (the model-predicted sign) and the 90% confidence interval excludes zero.
The outcome is the state-level adverse-search-attention z-score (Google Trends index built from searches
for “recession,” “economic collapse,” “unemployment,” and “layoffs”). Memory is the panel-z-scored state
composite (UR drawup + HPI drawdown), lagged one month. Each cell reports the interaction estimate

(top), the state-clustered standard error in parentheses, and the 90% confidence interval in brackets. All
c

v > 0: adverse cues raise local

specifications include state and month fixed effects. The model predicts 3
adverse-search attention more in states with greater adverse-memory exposure. Significance levels: ***

p < 0.01, " p < 0.05, * p < 0.10.
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We next ask whether the same cue-by-memory interaction appears in real activity. The
interaction coeflicient is B = —1.83 with state-clustered standard error 0.68, 90% confidence
interval [—2.95, —0.70], and wild-cluster bootstrap p-value 0.005 (Table 3.4).° The continuous
interaction implies a substantially more negative permits response in high-adverse-memory
states. Figure 3.6 shows the implied gradient across the adverse-memory distribution: rela-
tive to a low-memory (p) state, the predicted window-averaged permits response is —0.70
percentage points at the median memory state and —3.70 percentage points at the high (pg)

memory state, with 90% confidence intervals excluding zero in both cases.

Appendix C.3.6 reports the analogous figure with an additional bar at the pyy percentile,
where the differential permits response is approximately —8 percentage points relative to the
p1o state. The result is strongest under the Google Trends adverse-attention cue. Using DNSI,
EPU, or the composite cue yields directionally similar but less precise estimates; the full cue-
robustness grid is reported in Appendix C.3.3. The Google Trends measure is preferred for
the regional exercise because it captures household-level adverse attention more directly than
newspaper-based or policy-based cue series. Memory variants (HPI-only, 24- and 60-month
windows) and the ex-COVID sample all yield negative interaction coefficients of similar mag-

nitude (Table 3.4).

¢ Permutation checks support the specificity of the interaction. Randomly permuting the adverse-memory index
across states places the actual coefficient in the left tail of the placebo distribution (p = 0.011); replacing the cue
with simulated AR(1) placebo cues gives a similar result (p = 0.006). The estimate is also stable in leave-one-
state-out exercises, with coefficients ranging from —2.04 to —1.30.
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Table 3.4: Adverse Search Cues, Adverse Memory, and State Permits

Specification

Memory

Sample Horizon

Estimate

Headline

Ex-COVID

Single Horizon

HPI Memory

24-Month Memory

60-Month Memory

Composite

Composite

Composite

HPI-Only

Composite-24

Composite-60

Full he 4,8

Ex-COVID

h € [4,8]

Full h==6

Full he 4,8

Full he 4,8

Full h e 4,8

—1.8260***
(0.6839)
[—2.9510, —0.7010]

—1.9713**
(0.6582)
[—3.0541, —0.8885]

—1.6298**
(0.6732)
[—2.7372, —0.5225]

—1.3068"**
(0.3982)
[~1.9618, —0.6519]

—1.8370*
(0.7357)
[—3.0472, —0.6269]

—1.8651%**
(0.6690)
[—2.9657, —0.7645]

12,087

10,965

12,087

12,087

12,087

12,087

Notes: The table reports estimates of 5 from equation (3.16). The outcome is the window-average cumulative
change in smoothed log(permits) over horizons h = 4, ..., 8, except in the single-horizon row. The cue is the
adverse Google Trends residual, standardized to unit standard deviation. Memory measures are lagged, panel-
standardized, and centered before interaction. Each cell reports the point estimate (top), the state-clustered
standard error in parentheses, and the 90% confidence interval in brackets. All specifications include state and
month fixed effects. The headline cell additionally has a wild-cluster bootstrap p-value of 0.0050. The panel
covers 51 states. Full cue, memory, and sample robustness is reported in Appendix C.3.3. Significance levels: ***

p < 0.01,* p < 0.05, * p < 0.10.
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Figure 3.6: Adverse-Memory Amplification of State Permits Response to Adverse Cues
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Notes: This figure plots predicted differential responses of smoothed log permits to a 1-standard-deviation adverse
Google Trends cue, evaluated at the 10th, 50th, and 90th percentiles of the panel-z-scored state adverse-memory
composite (corresponding to z = —0.85, —0.47, and +1.17, respectively). Responses are window averages over
horizons h = 4, ..., 8 and are measured relative to the p;o memory state. Error bars are 90% confidence intervals.

3.7.5 Households vs. Professional Forecasters

As a supplementary check, we compare household sentiment with professional forecasts.
The model implies that public cues operate through household belief formation: cues acti-
vate memory retrieval, retrieved episodes shape expectations, and expectations feed into de-
mand. Professional forecasters, by contrast, are taken to incorporate fundamental information
through formal forecasting procedures rather than cue-based recall. If the public cues mainly
reflected news about fundamentals, one would expect professional forecasts to respond to

them as well; if instead the cues affect beliefs primarily through cue-based recall, household
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sentiment should respond more.

We compare the quarterly-averaged Michigan ICS to 1- and 4-quarter-ahead median real
GDP-growth forecasts from the Philadelphia Fed Survey of Professional Forecasters (SPF). Cue
residuals are summed within quarter and re-standardized; both the Michigan series and the
SPF growth series are standardized to unit standard deviation over the estimation sample, so
coefficients are comparable in LHS standard deviations per 1-standard-deviation adverse cue.
In the quarterly comparison, adverse cues move Michigan sentiment more strongly than pro-
fessional GDP-growth forecasts for three of four cue measures, while the SPF point estimates
are imprecisely estimated and in some cases statistically indistinguishable from zero. We do
not lean on the exact response ratios (SPF coefficients are noisy and sometimes wrong-signed),
but the qualitative pattern is consistent with the interpretation that public cues move house-
hold beliefs more than professional GDP forecasts. The exercise is not a formal identification

test; it is a behavioral-placebo check. The full table is in Appendix C.5.2.

3.7.6 Joint Pattern and Alternative Mechanisms

The empirical results should be read as a joint pattern rather than as separate identification
tests. Public adverse cues lower household sentiment and reduce postponable demand. The
real effect of an adverse cue is larger in states with greater adverse-memory exposure. House-
hold sentiment responds more than professional forecasts. Each fact has alternative interpre-
tations, but the combination is naturally organized by the model: current cues shape recall,
recall shapes expectations, expectations affect demand, and the effect is stronger where ad-

verse memories are more available.

Table 3.5 compares how neighboring mechanisms organize the empirical pattern. A per-
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Table 3.5: Joint Pattern Across the Empirical Analysis

Empirical Pattern Threshold News Diagnostic HOB Frictions =~ Memory
Public Cues Lower Household Sentiment ~ v v ~ ~ v
Public Cues Lower Postponable Demand X v ~ v v v
Adverse Memory Amplifies Cue Effects X X ~ X ~ v
Households Respond More Than Forecasters X ~ v ~ X v

Notes: The table summarizes which mechanisms naturally generate each empirical pattern. The patterns and the
supporting evidence are: (i) Public Cues Lower Household Sentiment (4/4 cue measures lower Michigan ICS, Ta-
ble 3.2); (ii) Public Cues Lower Postponable Demand (adverse EPU lowers vehicle sales across samples, Table 3.1);
(iii) Adverse Memory Amplifies Cue Effects (cue X memory interaction on state permits, B = —1.83, wild-cluster
bootstrap p = 0.005, Table 3.4); (iv) Households Respond More Than Forecasters (Michigan ICS responds more
strongly than SPF GDP-growth forecasts for 3/4 cues, Table C.6). Column headings name the mechanism class:
Threshold = persistent threshold and Markov-switching processes (Hamilton 1989); News = news and noise-shock
models (Lorenzoni 2009; Beaudry and Portier 2006; Mankiw and Reis 2002; Sims 2003; Gabaix 2014); Diagnostic
= diagnostic-expectations models (Bordalo et al. 2018, 2020); HOB = higher-order-belief and coordination mod-
els (Angeletos and Lian 2018; Angeletos and La’O 2013); Frictions = financial-friction and occasionally-binding-
constraint models (Guerrieri and Iacoviello 2017); Memory = cue-based memory retrieval (Bordalo et al. 2025a,
2026b). Symbols: v' means the mechanism naturally generates the pattern; ~ means it can generate the pattern
under additional structure or in some states; X means it does not naturally generate the pattern. The table is not
a formal horse race; its purpose is to show that memory-based retrieval organizes the full pattern through one

expectation-formation channel.

sistent threshold or Markov-switching process (Hamilton 1989) can generate state-dependent
sentiment dynamics but does not by itself link cues to real demand. Information-friction and
news-noise models (Lorenzoni 2009; Beaudry and Portier 2006; Mankiw and Reis 2002; Sims
2003) naturally generate demand pass-through from belief innovations but do not tie the be-
lief distortion to a state-specific memory stock. Higher-order-belief and coordination mod-
els (Angeletos and Lian 2018) generate amplification but not the cue-by-memory interaction.
Diagnostic-expectations models (Bordalo et al. 2018) generate distorted and sometimes asym-
metric beliefs but do not naturally predict that the same public cue has larger real effects in
states with greater adverse-memory exposure. Financial-friction and occasionally-binding-
constraint models (Guerrieri and Iacoviello 2017) generate real demand effects and asymmet-

ric persistence in downturns, but the asymmetry comes from balance sheets or constraints
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rather than from cue-dependent recall. Memory-based retrieval naturally organizes all four

facts through one expectation-formation channel.

Two pieces of the joint pattern are the most distinctive to the model. The regional cue-
by-memory interaction is the public-data analogue of adverse resonance: the same adverse
cue produces a more negative real-activity response in states with greater adverse-memory
exposure. The household-vs.-forecaster wedge is consistent with cue-based belief formation
among households: the cues move household sentiment more strongly than they move profes-
sional GDP forecasts. The aggregate evidence remains supportive rather than identifying. The
interpretation rests on the combination of this public-data pattern with the survey and exper-
imental evidence on cue-based retrieval and experience-based belief formation summarized in

Sections 3.2.4 and 3.6.2.

3.8 Extensions and Interpretation

The core model deliberately restricts attention to one feature-channel cue perturbation, a neu-
tral memory law of motion, and a representative household. This section discusses four ex-
tensions that are natural in the framework but not needed for the main results: richer cue
perturbations, asymmetric updating, heterogeneity, and policy interpretation. The discussion

is interpretive; no new formal results are introduced.

3.8.1 Richer Cue Perturbations and Narrative Shocks

The main analysis used the feature-channel restriction in (3.3): n; = nf = 0, and the scalar

perturbation n; = nf shifted only the level of visible demand. The cue mapping (3.2) also
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admits perturbations to the valence channel n? and to the context channel n. A narrative
shock (a story, news cycle, or salient event that changes how current conditions are perceived
without directly changing measured demand) is naturally interpreted as a perturbation to n},

nf, or both, rather than as a feature-channel shock ny.

This interpretation links the model to narrative economics. The idea that beliefs about the
economy can be reshaped by stories that activate retrieval of past episodes is central to Shiller
(2019b) and Akerlof and Shiller (2009). The priming experiments of Bordalo et al. (2026b) are
the cleanest causal evidence for the channel: priming respondents with non-domain adverse
experiences shifts macroeconomic forecasts even when the prime carries no information about
macroeconomic conditions. In the present model, that effect is naturally represented as a
shift in the valence or context components of the cue. The prime changes what the present
feels similar to, raises the recall weight on adverse past experiences, and shifts the mnemonic

expectation M.

The same logic extends naturally to richer cue perturbations. The multiplier in Proposi-
tion 2 applies to any perturbation that shifts //, and adverse resonance amplifies adverse cues
whether they arrive through the feature, valence, or context channel. The sentiment channel
of fiscal policy studied by Bellifemine et al. (2025) is one example of a narrative-style cue per-
turbation: policy affects spending not only by changing resources, but also by changing what

households infer, attend to, or recall.

The formal analysis is silent on which channel any particular narrative operates through.
Empirically, the distinction matters: a narrative shock that operates through nj or nf can

shift expectations even when measured demand is unchanged on impact. The richer cue map-

ping is the natural way to extend the framework to multi-dimensional cue perturbations and
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narrative-style shocks; the core mechanism remains the same, but a full treatment would re-

quire specifying a multi-dimensional similarity kernel.

3.8.2 Asymmetric Updating

The law of motion in Section 3.5 is neutral: the encoding rate x and the decay coefficient
p are symmetric across episode types. The choice was deliberate. The hysteresis result of
Proposition 4 and the recession-skew result of Proposition 5 are both derived under a neutral
law of motion. Hysteresis follows from updating itself: realized demand reshapes the future
database whether or not encoding is asymmetric. Recession skew follows from the adverse-

resonance term X in the similarity kernel, not from any asymmetry in the law of motion.

Allowing adverse episodes to be encoded more strongly or to decay more slowly (v~ > ™
or p~ > pT in the general formulation (3.14)) would amplify both effects. A larger encoding
rate for adverse episodes would deepen the hysteresis pattern after a low-regime spell; a larger
decay coefficient for adverse episodes would slow the return to balanced retrieval after the
cue perturbation passes. Asymmetric updating of this kind is consistent with the psychology
of negative-experience persistence (Bower 1981) and with the experience-effects literature, in
which adverse macroeconomic experiences leave durable imprints on beliefs (Malmendier and
Nagel 2011; Kuchler and Zafar 2019). The point of the baseline is not that asymmetric updat-
ing is implausible. The point is that the core mechanism (basin geometry under cue-based
retrieval, with asymmetry generated by adverse resonance) does not require it. Extensions in
which k or p depend on the episode type sharpen the recession-skew result without changing

its source.
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3.8.3 Heterogeneity

The demand block of Section 3.2.5 is representative-agent. Households differ in two ways the
model abstracts from. First, they differ in memory databases: idiosyncratic histories of past
macroeconomic and personal experiences place different weights on different episode types in
D, (Malmendier and Nagel 2011; Kuchler and Zafar 2019; d’Acunto et al. 2021). Second, they
may differ in retrieval primitives: the similarity-kernel parameters 7, A, and y can vary across
individuals or demographic groups. Recent micro evidence is consistent with both kinds of
heterogeneity. Taubinsky et al. (2024) document that household-level shocks shift macroeco-
nomic beliefs by more than aggregate information would justify, and Cenzon (2025) shows that

adverse credit-market experiences leave durable imprints on macroeconomic expectations.

Aggregating over heterogeneous households, the relevant object for aggregate amplifica-
tion is the cross-sectional covariance between memory sensitivity and the marginal propensity
to consume (MPC). If high-MPC households are also the ones whose retrieval is most reshaped
by adverse cues (households with thinner buffer stocks, more recent recessionary experience,
or stronger valence congruence), then aggregate consumption responds more sharply to a
negative cue than the representative-agent baseline implies. The same mechanisms can oper-
ate under aggregation, but their quantitative strength depends on the covariance structure. A
full treatment of heterogeneity requires household-panel data on memory, expectations, and

spending, and is left for future work.
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3.8.4 Policy as Cue Management

The model offers a positive interpretation of stabilization policy as operating partly through
cues. The cue ¢; in (3.2) is shaped by realized demand ¢, through the feature channel, by the
affective tone of current conditions through the valence channel, and by background context
through the third channel. Standard demand-management policy affects the feature compo-
nent indirectly: by raising current demand, it changes the visible-demand term ¢;. Communi-
cation policy (forward guidance, narrative framing, announcements) can operate more directly
on the valence and context channels, shifting the perception of current conditions without im-
mediately changing realized demand. In both cases, the change to the cue reshapes retrieval,
which reshapes the mnemonic expectation M and feeds back into the demand block of Sec-

tion 3.2.5.

Policy effectiveness in this framework is state-dependent in a way that follows directly
from the basin geometry of Section 3.6. Near a basin boundary, recall is balanced and the re-
trieval slope is steep; small cue interventions can therefore have larger effects on regime-entry
probabilities than the same interventions applied deep in the interior. Once the economy is
deep in a low-confidence regime, adverse resonance anchors recall on adverse episodes, so fa-
vorable cue interventions must be larger or more persistent to move the economy back toward
the boundary. This combination, high marginal sensitivity at the boundary and low marginal
sensitivity deep in the low basin, ties together the within-period multiplier of Proposition 2

and the cross-period asymmetry of Proposition 5.

This positive interpretation connects to existing work on belief-mediated policy. Forward-
guidance models with imperfect common knowledge (Angeletos and Lian 2018) highlight

how communication can move beliefs without contemporaneous changes in fundamentals.
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Sticky-information frameworks (Mankiw and Reis 2002) share the property that announce-
ments reach behavior through belief-formation rules. The sentiment channel of fiscal policy
(Bellifemine et al. 2025) is a recent example in which fiscal announcements operate partly
through expectational rather than purely resource channels. The framework here adds one
ingredient: the belief-formation rule is cue-based retrieval from a memory database, so policy
interventions change which past episodes households recall, not only what households believe

about future fundamentals.

The discussion is positive, not normative. The chapter does not solve a welfare problem or
characterize optimal policy. A welfare analysis would require taking a stand on which features
of the cue are policy-controllable, on social preferences over confidence regimes, and on the
political-economy constraints that govern communication. These are open questions that the

framework can pose but does not answer.

3.9 Conclusion

The chapter has asked why confidence slumps can be so persistent, and has offered an answer
grounded in cue-based memory retrieval. When households form expectations by recalling
similar past demand episodes, current visible demand becomes the cue from which recall be-
gins. Aggregate demand becomes self-referential: current demand shapes recall, recall shapes
expectations, and expectations feed back into current demand. The model yields a confidence
multiplier that depends on how sharply mnemonic expectations respond to the cue, and shows
that this slope can be steep enough to support multiple stable confidence regimes for the same
fundamentals. Multiplicity is not assumed; it emerges from the dispersion of recalled episodes

and the composition of the inherited memory stock, and it is endogenous to where the econ-
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omy currently sits.

The dynamic side of the model follows from a single new state variable: the active mem-
ory database. Realized demand is encoded into the database that disciplines retrieval in the
next period, so within-period multiplicity becomes across-period hysteresis. A temporary
cue perturbation that pushes the economy into one basin reshapes future recall; the regime
can persist long after the original perturbation disappears, with persistence increasing in the
durability of memory. Hysteresis arises from updating itself, not from any asymmetry in how
adverse and favorable episodes are encoded or decay. The recession-skewed asymmetry, that
the low-confidence regime is harder to exit than to enter, comes from a separate source: an
adverse-specific resonance term in the similarity kernel makes adverse cues recall adverse ex-
periences more readily than favorable cues recall favorable ones. The asymmetry that gives
downturns their stickiness emerges from how memory retrieves, not from how memory ac-

cumulates.

The empirical section takes public-data analogues of these mechanisms to U.S. data. Ad-
verse public cues, identified from news sentiment, economic-policy uncertainty, and adverse-
attention search data, lower household sentiment and reduce postponable demand, with the
cleanest spending response in vehicle sales after adverse policy-uncertainty shocks. The model’s
most distinctive public-data implication is that the same adverse cue should have larger real
effects in places where recent adverse experiences make the cue more resonant. We test this
in a state-month panel of building permits interacted with state-level adverse-memory ex-
posure: the headline interaction coefficient is —1.83 with state-clustered standard error 0.68
and a wild-cluster bootstrap p-value of 0.005, and is robust to permutation, random-cue, and
leave-one-state placebos. As a behavioral check, public adverse cues move household senti-

ment more strongly than they move professional GDP-growth forecasts, consistent with the
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model’s positioning of household beliefs as cue-based and memory-mediated. None of these
facts identifies the memory mechanism on its own, but the joint pattern is more naturally or-
ganized by the model’s expectation-formation channel than by the main rival interpretations

considered here.

The interpretation rests on the combination of two kinds of evidence. The behavioral
primitive, similarity-based retrieval cued by current conditions, is disciplined by the priming
experiments of Bordalo et al. (2026b), which show that household macroeconomic forecasts
shift in response to cues that carry no information about fundamentals. The aggregate evi-
dence in this chapter is consistent with the same primitive operating at the macroeconomic
scale, in the sense that the cross-state heterogeneity in cue effects, the demand pass-through,
and the household-vs.-forecaster wedge line up with what the model implies. Together, the
experimental and aggregate evidence provide complementary disciplines on the same mech-

anism, even though neither alone identifies it.

The framework opens several natural directions. The cue mapping admits perturbations
along valence and context channels that the main analysis sets to zero; extending the analysis
to a multi-dimensional similarity kernel would let the framework speak directly to narrative-
style disturbances (forward-guidance announcements, news cycles, salient anecdotes) that
perturb attention without changing fundamentals. The law of motion is intentionally neu-
tral in the baseline, which isolates the source of recession-skewed asymmetry in the kernel;
allowing asymmetric encoding and decay can sharpen the pattern in environments where ad-
verse experiences leave durable imprints, and the structural separation between persistence
(from updating) and skew (from resonance) is preserved. The representative-agent household
block can be enriched by aggregating over heterogeneous memory databases and marginal

propensities to consume, tying the strength of aggregate amplification to a cross-sectional
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covariance that household panel data could discipline directly. The policy discussion is posi-
tive; a welfare treatment would build on this positive analysis by specifying which features of
the cue are policy-controllable, what social preferences govern the choice between confidence
regimes, and what political-economy constraints discipline communication. Each is a natural

direction for future work and a place where the model can be made sharper.

The broader point is that confidence does not have to be left as an exogenous disturbance
or as a stable function of fundamentals. Once expectations are formed by recalling similar past
episodes, confidence becomes a function of what the economy currently looks like and of what
it has recently been, a function the model writes down explicitly. Within-period multiplicity,
across-period hysteresis, and recession-skewed exit thresholds are not separate phenomena
to be added on top of standard models. They are what one obtains when the belief-formation

rule is cue-based memory retrieval rather than a stable mapping from fundamentals.
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Appendix A

Appendix to Chapter 1

A.1 Theory Derivations and Proofs

This appendix gives the algebra behind the theoretical results in Section 1.2. Throughout,
constants from the log-linear return approximation are absorbed into intercepts. I use the
same timing convention as in the body: rx;; is the excess log return from ¢ to ¢t + 1, 7 f;14
is the 1-period risk-free rate, and Ad;,; is log dividend growth. The rational expectations

operator is Egr). The behavioral expectations operator is Egb).

A.1.1 Return-News Identity and Timing

The Campbell and Ammer (1993) return-news identity used in the paper is

TTi1 — Eﬁr)mtﬂ = Ngf)?,tJrl - Ng%,wl - Ngz)a,tﬂ-
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The three rational news terms are

Ngl)?,tJrl = (EEH ) ZP] Adyy14,
gzl

Ng},wl = (EEH ) Zﬁ T fre144,
jz1

NI(%TI)D,t—i-l = ( t+1 ) Z/f‘j TTtt145-
j=1

The sign convention is important. Positive cash-flow news raises unexpected returns. Positive
risk-free-rate news or positive risk premium news lowers unexpected returns because it raises
the discount rate applied to future cash flows. Thus NV g}at 4 is the rational revision in expected

future excess returns, with a negative sign in the unexpected-return identity.

The superscript () indicates the expectations operator used to construct the news terms.
It does not require that the prices being decomposed were set by investors with rational beliefs.

This distinction is the key to the paper’s reinterpretation of risk premium news.

A.1.2 Proof of Proposition 1: Full Behavioral-Pricing Benchmark

The full behavioral-pricing benchmark imposes three assumptions. First, behavioral investors
are marginal in price setting. Second, behavioral and rational investors have the same beliefs
about the risk-free-rate stream. Third, behavioral investors perceive expected excess returns

as constant. Let this constant perceived expected excess return be 7.

Define behavioral cash-flow news by

Ng?«“,t—i-l = (Eg?l - Egb)> Zp] Adii4j.

J=1
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The cash-flow belief-bias news is

_ b T
NeFi+1 = Néf)f“,tJrl - Né’l)?,tJrl'

The rationally unexpected component of this wedge is

— _ E(’“)
CCF,t+1 = TNcFi+1 t TCFt+1-

Under the benchmark assumptions, the realized excess return can be written from the

behavioral pricing perspective as

_ b r
12 =17+ Nopyor — Niypr- (A1)

Risk-free-rate news is rational because rate beliefs are correct, and behavioral risk premium
news is zero because perceived expected excess returns are constant. Using the definition of

NcFi+1, equation (A.1) becomes

TTpy1 =TT + Ng},tﬂ - Ng},m + NeFt+1- (A.2)

The same realized excess return is decomposed by the rational econometrician as

Il = Ey)WCtH + Ng},tﬂ - Ng},t-i-l - Nglz’,t—l-l' (A3)
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Equating equations (A.2) and (A.3) gives
B ra — Nipyoy =17 +
t T4l RPt+1 NCFt+1-

Rearranging,

Ng;,t—&-l = Egr)rxtﬂ =TT = NCFt+1- (A.4)

Taking E\") of equation (A.2), and using E” Né% 1 = E" N g}’ 1 = 0, yields
Ey)mtﬂ =rx+ EET)UCF,t+1- (A.5)
Substituting equation (A.5) into equation (A.4) gives

(r) _ m( _
NRP,t+1 =E, Neri+1 — NoFt+1 = _<CF,t+1-

This proves Proposition 1.

The proof shows that the result is an accounting reinterpretation. The rational econome-
trician uses the same Campbell and Ammer (1993) decomposition, but because the econome-
trician does not directly include the behavioral cash-flow wedge, the unexpected component

of that wedge appears with the opposite sign in rational risk premium news.

A.1.3 Behavioral Valuation Wedge

This subsection connects the belief-bias news 7¢r 41 to the behavioral valuation wedge used

in the partial-arbitrage extension.
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Let pd; denote the rational log price-dividend ratio that would prevail absent the be-
havioral belief distortion. Let pd,gb) denote the log price-dividend ratio implied by behavioral
cash-flow beliefs under the full behavioral-pricing benchmark. Define the behavioral valua-
tion wedge

my = pdgb) — pd;.

The log-linear excess-return identity implies that a change in the valuation wedge affects re-

alized excess returns according to

(0) *
Tl’t+1 — Txt—‘—l = PMy1 — My,

where Txii)l is the return generated by the behavioral valuation and 7z}, is the return gen-

erated by the rational valuation, holding the realized cash-flow stream fixed.

Under the full behavioral-pricing benchmark, behavioral and rational investors agree
about risk-free rates and behavioral perceived risk premium news is zero. Therefore the only
difference between the behavioral and rational valuation revisions is the cash-flow belief-bias

news. Comparing the behavioral and rational decompositions gives
—my =N = NG = A6
P41 — M CFit+1 CFt+1 = NCF+1- (A.6)

Equation (A.6) is the primitive wedge identity used in the partial-arbitrage derivation. It says
that the return effect of the behavioral valuation wedge is exactly the cash-flow belief-bias

news.
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A.1.4 Proof of Proposition 2: Partial Arbitrage

The full benchmark assumes that the behavioral wedge m; fully passes through to prices. The

partial-arbitrage model allows rational arbitrageurs to offset part of this wedge. Let
pd} = pd; + Amy, 0<A<I1.

The parameter A is the surviving share of the behavioral valuation wedge. If A = 1, the wedge

tully affects prices. If A = 0, arbitrage fully removes it from prices.

Using the log-linear return identity, the return under partial arbitrage differs from the
rational return by

A * -
TTi = T = Apmusa — my).

By equation (A.6),

A * .
TTy — TT e = ANCF 41 (A7)

Taking the rationally unexpected component of equation (A.7) gives
<m:?+1 - Egr)rxt)‘ﬂ) - (rmz;l - E}ET)Tx;-l) = ACCFt+1- (A.8)

Now decompose the two unexpected returns using the rational Campbell and Ammer

(1993) identity. For the partial-arbitrage economy,

A oA () (r) A
regg — By rag, = NCF,t+1 - NRF,t+1 - NRP,t+1-
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For the rational benchmark economy,

* (), ar(n) (r) *,r
reyg — By ey, = NCF,t+1 - NRF,t+1 - NRP,t+1'

Subtracting the second equation from the first gives

A (r),.. A * (r), . x _ A *,r
(Tmtﬂ — K, mjt+1) - <T$t+1 —E; rayy, ) = —Nppy + NRP,tH'

Combining with equation (A.8) yields

AT *,7 -
_NRP,tJrl + NRP,t+1 = A CCF,tJrl'

Therefore

A7 . 7
NRP,t+1 - NRP,t—H - )‘CCF,tJrl'

This proves Proposition 2.

A.1.5 Projection Coefficients and the Interpretation of A

Proposition 2 implies

A7 - *,7
NRP,t+1 - NRP,t+1 — ACcpit1-

. . )\"r' .
PrOJectlng NRP,t+1 on CCF,t-‘rl gIVeS

A,
Cov (NRP,H—I’ CCF,t+1) COV(N;’QHP COF,tH)

Var(CCF,Hl) N Var(Copit1)

— A
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Thus the projection coefficient identifies —\ only if

COV(NE’;,tH; CCF,t+1) = 0.

This orthogonality condition is not implied by the model. It is an additional identifying as-
sumption. If residual rational risk premium news comoves with belief-bias news, the projec-
tion coefficient combines the surviving behavioral loading and that residual rational comove-

ment.

This is why the main empirical analysis treats a negative relation between N 1({ 1)3 and ¢(P)

as evidence of a belief-driven component, not as a direct structural estimate of \.

A.1.6 Risk-Free-Rate Belief Bias and Net Valuation Beliefs

The benchmark in Proposition 1 assumes that behavioral and rational investors agree about
the risk-free-rate stream. This subsection allows behavioral investors to hold biased beliefs

about future risk-free rates.

Define behavioral risk-free-rate news as

b b b :
Nl(%lz“,tJrl = <E£+)1 ~ Ef )> ZM T 414

j=1

Define risk-free-rate belief-bias news as

—_ ar(d) (r)
NRFt+1 = NRF,t+1 - NRF,tJrl?
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and its rationally unexpected component as

— _ E(T)
CRF,t+1 = TRFt+1 t TIREt+1-

With biased cash-flow and rate beliefs, the behavioral pricing equation becomes

I (b) (b)
TTip1 =TT + NCF,t+1 - NRF,tH-

Using the definitions of 1¢r+1 and Ngr 41,

r)

I ( (r)
TTip1 =TT+ NCF,t+1 - NRF,t+1 + NerFt+1 — NREt+1-

Equating equation (A.9) with the rational decomposition gives
NI(%rlz’,t+1 = Egr)mtﬂ — X = NoFi+1 T NRE+1-
Taking rational expectations of equation (A.9) yields
Egr)rxt+1 =71+ E§T)WCF,t+1 - EET)URF,L‘JA-

Substituting into equation (A.10) gives

N gl)ﬂ,tﬂ = - ("70F,t+1 - EET)WCF,tH) + (nRF,tJrl - EET)URF,tJrl)

= —CoFi+1 + CRE+1-
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Thus the exact theoretical object is net valuation belief bias. Define

CNET,tH = CCF,t+1 - CRF,t+1-

Then equation (A.11) can be written as N ,(;}l,t 11 = —CNETt+1-

With partial arbitrage, the same logic gives

A7 *,7
Ngpi1 = Nrpio1 — Acr Corpr1 + Arr CrE141,

where \¢cr and \gp measure the pass-through of cash-flow and rate-belief valuation wedges.
The main empirical analysis focuses on cash-flow beliefs because analyst forecasts directly
measure cash-flow expectations. If rate-belief bias is empirically important and correlated with
cash-flow belief bias, then the analyst proxy measures only one component of the broader net

valuation belief wedge.

A.1.7 Generalized Forecast Relation

This subsection derives the generalized forecast relation stated in Section 1.2.6. Let 2; denote
the vector of variables used to forecast returns and belief revisions. Write the relevant condi-

tional expectations as linear projections:
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]Egr)rmf‘ﬂ = Qpe + Vo 2,
EMrzr  =a 4+ ~*
¢ t+1 = A« T 2,
]Ei(ﬁr)nCF,t—i-l = acr + YorF %,

ng)ﬂRF,tH = QRF + YRF %t

Under the combined partial-arbitrage and rate-belief-bias model, the conditional expected ex-

cess return can be written as
Ez(fr)r‘ri\—i-l = const. + Ez(tr)rxz-f—l + )‘CFEz(tT)nCF,t+1 - )‘RFEET)URFJ-%-I-
Matching slopes on z; gives
Tow ="+ Aor YoF — ArF VRF- (A.12)

The sharp full behavioral-pricing benchmark is the special case 7* = 0, A\cp = 1, Agr = 0. In

that case, 7\, = yor, which is the 1-step slope restriction tested in the main empirical analysis.

Equation (A.12) also clarifies the interpretation of rejections. Exact slope equality can fail
because of residual rational return predictability (v* # 0), partial pass-through of cash-flow
belief bias (Acr # 1), rate-belief bias (Agr # 0), or measurement error in the empirical belief

proxy. Such failures do not by themselves imply that the belief-driven component is absent.
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A.1.8 Perceived vs. Rational Expected Returns

The full benchmark assumes that behavioral investors perceive expected excess returns as
constant. This is a statement about the beliefs used in behavioral price setting, not about the
rational econometrician’s conditional expected return. In fact, Proposition 1 implies that the

rational econometrician’s expected excess return varies with predictable belief-bias news:

Egr)?”l’t+1 = TTT + Egr)/)/]CF7t+]_.

Thus the benchmark does not rule out time-varying rational expected returns in the econome-
trician’s forecasting system. It explains why those expected returns vary: the econometrician
sees price movements generated by biased cash-flow beliefs and interprets them as changes
in future expected excess returns. This distinction is what allows the paper to preserve the
standard return decomposition while changing the interpretation of the risk premium news

object.
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A.2 Forecast, Matrix, and Horizon Restrictions

This appendix derives the empirical restrictions used in the body. It connects the theoretical
results in Appendix A.1 to the linear forecasting system used to construct VAR-implied news
objects. Appendix A.2.1 fixes the forecasting-system notation. Appendices A.2.2—-A.2.4 derive
the 1-step slope restriction, the long-horizon matrix condition, and the matrix-wedge object.
Appendices A.2.5-A.2.6 derive the finite-horizon present-value matrices and the correspond-
ing horizon-h forecast restrictions. Appendices A.2.7-A.2.8 explain why 1-step slope equal-
ity and pointwise long-horizon news equality are distinct implications of the full benchmark.
They also clarify why a 5-year horizon is economically meaningful but not the infinite-horizon

Campbell and Ammer (1993) object.

A.2.1 Linear Forecasting System

The body summarizes the forecasting system used throughout the empirical analysis. This

subsection states the system precisely. The state vector at time ¢ is
B B /
Ty = [TCCt, Tfta Vt( )7 b}E )7 pdta tst] )

matching equation (1.12) in Section 1.3.1. The dynamics follow a first-order vector autoregres-
sion
T =a+Tx + e, Eir)sm =0,

with intercept «, transition matrix I', and innovation covariance matrix 3. = E(e;1€}, ;).

The selection vectors ej, €2, and e pick the excess return, the risk-free rate, and the
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behavioral cash-flow news proxy from the state vector:

/ o / o / __(B)
€1y = 1Ty, ey =T fy, esTy = Uy

The infinite-horizon present-value matrix is

A= pD(I—-pD)™t =) pI7, (A.13)
j=1

which exists when the spectral radius of pI' is less than one. The matrix A maps current

innovations into present-value revisions of expected future state variables.

A.2.2 One-Step Forecast Restriction

Under the full behavioral-pricing benchmark, the rational econometrician’s 1-step expected
excess return equals 7z plus the rational expectation of cash-flow belief-bias news, as shown

in equation (A.5) of Appendix A.1.2:

Egr)rxt+1 = T_:L' + EET)T]CFJ/+1.

Empirically, nffi = Z/t(f% - Ng});’t 41 (Section 1.3.4). Since Ng};’t 41 is a rational news innova-

tion, Eﬁ” Ng })7 ++1 = 0. Thus the conditional expectation of the empirical belief-bias wedge
equals the conditional expectation of the analyst-revision proxy, up to measurement error and
intercept normalizations:

T B T B
i = B v,
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Both sides are linear in x;, so comparing the conditional-expectation row for rz;,; with the

row for I/(B) ives
t+1 8

et = e;T. (A.14)

This is the 1-step slope restriction. It is a six-restriction equality on the slope vectors (one per

state-vector slot). Inference uses the null-imposed bootstrap described in Appendix A.5.8.

Equation (A.14) follows from the full benchmark: \cp = 1, v* = 0, Agr = 0 in the
generalized forecast relation (A.12). Under the broader partial-arbitrage and rate-belief-bias
model (Appendix A.1.7), this equality need not hold even when the belief-driven channel is
present. Rejection of equation (A.14) demotes the full-benchmark interpretation but does not,

by itself, imply that the belief-driven component is absent.

A.2.3 Matrix Condition

The full benchmark also implies a stronger pointwise restriction on the constructed news

objects. In the linear forecasting system, risk premium news is
N}({g’,t+l = ey Aery, (A.15)

risk-free-rate news is

(r) —
Nipgs = €2 Mevs,

and cash-flow news is recovered from the Campbell and Ammer (1993) identity:

Ng}«“,tﬂ = €,1 €t+1 T Ng})«“,t—i-l + Ngz)ﬂ,tﬂ = (6,1 + 6/2 A+ 6,1 A) ey
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The empirical belief-bias innovation is constructed in Section 1.3.4 as ngﬂ = Vt(f% —

N, g},t .1, with rationally unexpected component Ct(fl) = ngfi — E§T)n§f{. In the linear system,

¢ = (¢ — ¢ — ehA — fA) e, (A.16)

since both ®) and N g} are themselves linear in ¢ .

Proposition 1 (Appendix A.1.2) implies N g})p’t +1 T Ccri1 = 0for every realization of €, ;.

Substituting equations (A.15) and (A.16), the pointwise condition becomes
(¢ — € —ehA) e =0 for all &4,
which holds (when X, has full rank) if and only if
ey = e +ey A (A.17)

This is the matrix condition. It is a dim(x)-restriction equality on the loading vectors of the

VAR.

A.2.4 Matrix Wedge

The matrix wedge measures the failure of equation (A.17) pointwise. Define

matrix r B
Wt+1t = NI(%I)D,tH + Ct(+1)
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Substituting the linear forms in equations (A.15) and (A.16) gives

W™ = (e — €y — ey A) erpr. (A.18)

matrix

Under the full benchmark, equation (A.17) implies W23™ = 0 for every £,4,.

Under partial arbitrage with cash-flow belief bias only (Appendix A.1.4), Ny = Nip, —

Ao, so the matrix wedge becomes

Wtrialtrix _ NE’;,M + (1 = N) Coptsr-

Under the additional orthogonality condition Cov(Nyp, (or) = 0, the variance of the wedge
is

Var (W™"™) = Var(Njp) + (1 — A)* Var((or).

Adding rate-belief bias gives

S = Ngpiw + (1= Xor) Comert + Arr CrEs-
A nonzero empirical wedge is therefore consistent with residual rational risk premium news,
partial pass-through of cash-flow beliefs, omitted rate-belief bias, and proxy error. The wedge
measures distance from the strongest pointwise benchmark; it is not, by itself, evidence against

the existence of a belief-driven component.
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A.2.5 Finite-Horizon Present-Value Matrices

The infinite-horizon matrix A in equation (A.13) is the limit of finite-horizon partial sums.

Define
h
Ah = Z pj Fj.
j=1
The omitted tail is

A=A, = TN - pD) 7, (A.19)

which exists when (I —pTI") is invertible. The norm of the omitted tail decays at rate p" ™! ||[']|**,
governed by the spectral radius of pI'. Appendix A.2.8 below quantifies this convergence in

the legacy six-variable VAR.

A.2.6 Horizon Forecast Restrictions

Finite-horizon forecast restrictions use a closely related matrix:

h
Bh = ij_l Fj = p_lAh.

J=1

The horizon-h forecast restriction implied by the full benchmark is
6/1 Bh = eg Bh. (A.ZO)

This says that the state variables should forecast discounted cumulative excess returns and

discounted cumulative belief revisions with the same slopes through horizon h.

In the iterated VAR system, equation (A.14) mechanically implies equation (A.20) for ev-
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ery h. The argument is direct. If ¢jT" = ¢4, then right-multiplying both sides by V™! gives

e\ TV = 4T for every j > 1. Summing p'~'TY over j = 1,..., hyields €| B, = e} By,

This is the basis for the body’s claim that the 1-step slope restriction inside the iterated
VAR system implies horizon-h slope restrictions for every h. Direct local-projection slope
estimates are not constrained by the VAR’s iterated dynamics, so they need not satisfy the same
restriction at every horizon. The body’s 5-year direct local-projection (LP) test in Section 1.4.2

is therefore a separate test from the iterated implication.

A.2.7 Slope vs. Matrix Restrictions

The 1-step slope restriction (A.14) and the matrix condition (A.17) are distinct implications of

the full benchmark. The slope restriction is a statement about forecast rows,

I
el = esl.

The matrix condition is a statement about innovation loadings and the full present-value map,

' /
e5 = ey + e A

Neither restriction generally implies the other.

To see why slope equality does not imply matrix equality, consider any VAR in which
the first and third rows of I" are equal. Then €| I" = €41 holds by construction. But the matrix
condition additionally requires the level loading e, —¢/ to equal ), A. This requirement depends

on the risk-free-rate row and the entire present-value matrix A = pI'(I — pI') . Row equality
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of )" and €4I" does not impose that condition. Thus the 1-step slope restriction can hold while

the matrix wedge is nonzero.

Conversely, the matrix condition can hold without the 1-step slope restriction. The con-
dition e = €} + e, A restricts the innovation loadings that make pointwise news equality hold.
It does not require the 1-step forecast rows €] I" and €41 to be identical. Multiplying the matrix
condition by I" gives

esI' = eI + e, AT,

so the slope restriction would require the additional condition e, AI' = 0, which need not hold.

These directional non-equivalences explain a feature of the empirical results that might
otherwise appear puzzling. In the legacy VAR, the slope restriction is not rejected (Section 1.4.1),
while the matrix wedge is economically meaningful (Section 1.5.2). Imposing the slope restric-
tion also does not mechanically eliminate the matrix wedge: in the data, the slope-restricted
variance ratio is roughly 2.4-3.2, larger than the unrestricted ratio of about 1.2. The two re-

strictions test different facets of the full benchmark.

A.2.8 Five-Year Horizons and Infinite-Horizon News

The 5-year horizon h = 60 months is economically meaningful - it connects to long-horizon
return-predictability evidence — but it is not the infinite-horizon Campbell and Ammer (1993)

object. This subsection quantifies the difference.

The omitted tail in equation (A.19) is governed by the spectral radius of pI'. In the legacy
six-variable VAR with pponmiy = 0.998122, the dominant eigenvalue of pI" is approximately

0.977. The dominant persistence mode implies that the omitted tail decays roughly at rate
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0.977"*!. This is not an exact matrix-norm identity, but it is a useful scale calculation for the

persistence of the present-value tail.

At h = 60 months, the dominant-mode tail factor is 0.977%! ~ 0.24. Thus the 5-year
truncation can still omit a nontrivial part of the infinite-horizon present-value object. At h =

120, the corresponding factor is about 0.06, and by h = 240 it is small.

The implication for the empirical analysis is that direct cumulative-equality tests at h =
60 ask a different question than the matrix condition at A~ = o0o. A rejection of the 5-year
cumulative restriction is therefore a rejection of the truncated direct-horizon restriction, not
by itself a rejection of the infinite-horizon Campbell and Ammer (1993) pointwise condition.
Section 1.5.3 reports the empirical horizon profile and shows that finite-horizon wedge ratios

converge toward the infinite-horizon matrix-wedge values reported in Table 1.5.
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A.3 Measurement Error and Forecast R>

This appendix gives the measurement-error algebra behind Sections 1.2.9 and 1.6.1. The main
point is that measurement error does not have a single effect. Additive noise can inflate the
measured variance scale of the belief-bias proxy while attenuating correlations and projection
coefficients. Signal attenuation and incomplete-proxy models can instead make the observed
proxy understate the full behavioral component. The empirical analysis therefore interprets

scale, sign, forecast comovement, slope restrictions, and robustness exercises jointly.

A.3.1 Additive Classical Noise
Let the true unexpected cash-flow belief bias be (¢ 41, and suppose the observed proxy is
(i1 = Coppe + st

where u; is classical additive noise:

E(u) = 0, Cov(ty1, Copapt) = 0, Cov (1, Nipyir) = 0.

Then

Var((11) = Var(Coppsr) + Var(uegr).

The measured scale statistic is therefore

g . Var(gtﬂ) . Var(utH)
scale — Ty — Mscale [ S
Var(NJ(%I)?,tH) Var(NJ(%I)D,tH)
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Thus additive classical noise inflates the numerator of B.,.. In this model, the measured scale

ratio is not conservative.

The same noise attenuates correlations. Let py, = Corr (N g%t +1>CcF41)- Then

Var(CCF,tH) ) 12
(Ut+1) .

Corr(Ngl)ath, Gi+1) = PN (Var(CCFtH) + Var

The sign is preserved, but the magnitude moves toward zero.

Projection coeflicients are attenuated for the same reason. If the true linear projection is

Ng})),t—i-l = /8 <CF,t—|—1 + V41, COV(Ut+17 CCF,t+1) = 0’

then the coefficient from projecting N I(%TI)%t 1 on the noisy proxy Crsr is

B = COV(N%AHlle) — Var((cri+1)
Var(ftﬂ) Var(Copis1) + Var(ugyr)

Thus additive noise can make the measured belief-bias object look large in variance scale while

making the sign correlation and projection evidence harder to detect.

A.3.2 Signal Attenuation

A different measurement model is signal attenuation:

Gtr1 = aCorey1 + Uy, 0<a<l,
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with wu; classical noise. Then

Var((ii1) = a® Var(Copr1) + Var(ug, ).

The observed scale statistic is

Var (1)

gscale == a2 Bscale + (—7‘) .
Var(NRP,tH)

Whether the measured scale statistic is conservative depends on the relative importance of
attenuation and additive noise. If u;;; = 0, then gscale = a2 Byeale, 50 the observed scale
understates the true behavioral scale. If additive noise is large, the measured scale can instead

overstate the scale of the true component.

Define the reliability of the proxy as the signal share of the measured variance:

a? Var(CCF,tﬂ)

R .
a? Var(Copgs1) + Var(upq)

Under this model,

Corr(NgI)%tH, (1) = sign(a) Corr(Ngjl,Hl, (eraen) VR.

Thus reliability governs the attenuation of the correlation. The empirical reliability diagnostics
in Appendix A.7 use cross-proxy information to assess whether the aligned analyst measures

contain a substantial common signal rather than only idiosyncratic noise.
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A.3.3 Incomplete Proxy Models

Analyst revisions may measure only part of the full valuation-relevant belief wedge. Write

the true cash-flow belief-bias innovation as

Cort+1 = Curpr1 + Cuis,

where (jr¢41 is the component measured by analyst revisions and (441 is an unmeasured

component. The empirical proxy is

Cer1 = Carp1 + Uppr

In this case, the observed scale statistic measures the scale of the observed component, not the
full behavioral wedge. If the unmeasured component is economically important, then gscale

can understate the variance of the full belief-bias object.

To see the implication for risk premium news, suppose

(r) _ T
Ngpii1 = Ngpayr — A Qe — Av Quiga-

A projection on (., identifies the relation between risk premium news and the measured
belief component, not the total behavioral component. If (/41 and (y441 are correlated,
the projection also combines the direct loading on the measured component with indirect
information about the unmeasured component. This is one reason the empirical analysis is

framed as a component test rather than an exclusivity test.

The incomplete-proxy interpretation also applies to rate-belief bias. The main empirical
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proxies measure cash-flow beliefs. If risk-free-rate belief bias or other valuation-belief errors
are important, the analyst-based proxy captures only the cash-flow part of the broader net

valuation belief wedge.

A.3.4 Nonclassical Proxy Contamination

The preceding subsections assume classical measurement error. More difficult cases arise
when the measurement error is correlated with prices, rational news, or the state vector. A

general representation is

Ci+1 = CoFtr + Uit

with at least one of

Cov(ur1, N]({TI)D,t+1) # 0, Cov(uts1, Corer1) # 0, Ey)utﬂ # 0.

In these cases, simple attenuation formulas no longer apply.

One important example is price-inference contamination. If analysts update forecasts

partly by observing prices, the proxy can inherit information from valuation ratios:

i1 = Comppr + 0 g(pdy) + ugyr.

This can create or amplify a relation between measured belief news and return-news objects
if pd, is also used in the VAR. Appendix A.8.1 studies this channel directly by removing the

contemporaneous price-dividend projection from the belief proxy.

Another example is omitted rational risk premium news that is correlated with the belief
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proxy:

Ng})ztﬂ = ;2717;,t+1 —A <CF,t+1> COV(NE’;,tH: CCF,tH) 7’é 0.

In this case, the observed relation between risk premium news and belief-bias news combines
the behavioral loading and residual rational comovement. Appendices A.8.2 and A.8.3 study
how large such residual components must be to weaken or erase the baseline relation, and

Appendix A.8.4 interpolates between the orthogonal and targeted cases.

The main text therefore does not rely on a single measurement-error correction. It uses
several diagnostics: cross-proxy consistency, reliability calculations, price-inference residual-

ization, adversarial-residual exercises, and cross-sectional evidence.

A.3.5 Forecast R?: Sample, Population, and Bias-Corrected Measures

The paper reports forecast-comovement statistics because they provide a bounded summary

of the forecast-side implication of the theory. Let
= = (B
frm = E;rziqq, fu,t =E, Vt(+%,

denote the fitted 1-step forecasts from the empirical state system. In Table 1.3, the reported

sample forecast-comovement statistic is

Rforecast,sample = COI‘I‘(fm:,t’ fu,t) .

This is the squared sample correlation between the two fitted forecast series. It is mechanically

bounded between zero and one.
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The population analogue uses the stationary distribution of the state vector implied by
the estimated VAR. Let 3., denote the stationary covariance matrix of z;, satisfying the discrete
Lyapunov equation

Y, =2, T"+3.. (A.21)

Let v, = €I and v, = €41 be the forecast-slope rows for excess returns and the behavioral

cash-flow news proxy. The population forecast-comovement statistic is

(Yrw B2 1)’
(’Vmc e ’V;x) (71/ Yo '71,/)

2
Rforecast,population -

This is the Lyapunov-based statistic referred to in the abstract and introduction as the popu-

lation forecast-comovement measure.

The distinction between the sample and population versions matters in finite samples.
The sample statistic uses the realized fitted forecast series. The population statistic asks how
tightly the two forecast functions comove under the stationary distribution implied by the
estimated forecasting system. In the baseline application, the sample R? values are slightly
below the population values, but both summarize the same economic object: predictable return

variation and predictable belief-revision variation move together.

Forecast R?? is also useful because it is invariant to positive scalar rescaling of one fore-
cast. If f¥V = a f,; with a > 0, then Corr(fs,, V’jfw)Z = Corr(fras, fut)?. Thus scalar
attenuation of the proxy affects levels and variance-scale comparisons more directly than it
affects the squared correlation of fitted forecasts. Additive noise inside the state vector can still

affect forecast R? by changing the estimated forecasting system, which is why the statistic is

interpreted together with the other diagnostics.
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When reporting bias-corrected forecast-comovement statistics, I use a bootstrap correc-

tion for finite-sample bias. Let R? be the estimate in the data. Let R? be the population value
. —=2,%

implied by the fitted data-generating system used for the bootstrap, and let R " be the mean

estimate across bootstrap samples generated from that system. The bias-corrected statistic is
= =~ —=2,%
R =R <R —R@).

The correction is diagnostic rather than structural. It adjusts for finite-sample estimation bias
under the fitted forecasting system; it does not resolve nonclassical measurement error in the

belief proxy.

A.3.6 Measurement Error Inside the State Vector

The static formulas above are useful for intuition, but the empirical implementation is more

involved because the belief proxy enters the state vector. Measurement error in Vt(B) can affect:

1. the estimated transition matrix I';

2. the VAR innovations ;. 1;

3. the present-value matrix A = pI'(I — pI')~!;

4. the constructed rational news terms N }({ ])3, N g%, and Ng };
5. the constructed belief-bias objects n(®) and ¢(5);

6. the slope and horizon restrictions.
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This feedback means that a simple scalar reliability correction is not a full correction
for measurement error in the paper’s empirical system. For example, additive noise in Vt(B)

may attenuate the estimated forecasting row e4I', alter the innovation covariance matrix, and

change the constructed rational cash-flow news that is subtracted from v(?) to form (%),

For this reason, the main text treats measurement-error corrections as supporting diag-
nostics. The core empirical claim is based on the joint pattern across several objects: nega-
tive news correlations, economically meaningful scale, positive forecast comovement, slope
non-rejection at short and medium horizons, price-inference robustness, adversarial-residual
bounds, and cross-sectional breadth. No single statistic is interpreted as a fully structural es-

timate of the latent belief wedge.
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A.4 Data Construction and Proxy Validation

This appendix documents the data and proxy construction used in Section 1.3. Appendix A.4.1
describes return and macro data. Appendix A.4.2 describes the analyst forecast data and sam-
ple. Appendix A.4.3 gives the target-date alignment construction. Appendices A.4.4-A.4.5
give the proxy-specific construction details, the belief-level control, and the value-weighted
market-level aggregation. Appendices A.4.6—A.4.9 report the proxy-validation diagnostics that
support the “news-like” framing in Section 1.3.3: summary statistics with placebo compar-
isons, rationality and predictability diagnostics, persistence profiles, and the common-factor

evidence.

A.4.1 Return and Macro Data

The benchmark sample runs from February 1982 through June 2023, giving 497 monthly obser-
vations after merging the return data with the analyst-forecast panel. One observation is lost
in forming first-differenced innovations, leaving 496 usable news observations. The level vari-
ables span 1982:01-2023:06 (498 months) and the revision-based objects span 1982:02-2023:06

(497 transitions).

The return-side variables are:

+ Excess log market return rz; and 1-month risk-free rate r f; from the Ken French data

library (value-weighted CRSP market factor and Treasury-bill rate).
« Log price-dividend ratio pd; from the Shiller monthly S&P 500 series, pd; = log(P;/D;).

« Term spread ts, from FRED, defined as the difference between the 10-year Treasury
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yield (GS10) and the 3-month Treasury yield (TB3MS).

« Dividend and total-return information used to recover cash-flow news under the

Campbell and Ammer (1993) identity (Appendix A.5.3).

All variables are at the monthly frequency. The log-linearization constant is penity = 0.998122
throughout, calibrated from the unconditional mean of pd; in the legacy sample; the corre-

sponding annualized value is Py = 0.978.

A.4.2 Analyst Forecast Data and Sample

Analyst forecast data come from IBES. The firm-level panel includes fiscal-year-1 (FY1) and
fiscal-year-2 (FY2) earnings-per-share forecasts, fiscal-period-end dates, the number of con-
tributing analysts, and long-term-growth (LTG) forecasts. Trailing twelve-month earnings-

per-share are obtained from CRSP/Compustat using the IBES—CRSP link table.

Standard sample filters are applied. Firm-months require: (i) at least three contributing
analysts for FY1 (and, where relevant, for LTG); (ii) trailing twelve-month earnings-per-share
strictly above $0.10; (iii) FY1 forecast strictly positive. Within-month winsorization at the 1st
and 99th percentiles handles outliers in the firm-level revision objects. Foreign firms and ADRs

without valid CRSP-Compustat matches are excluded.

The benchmark aligned CBR and STR proxies each yield approximately 211,000 firm-
month observations over the 1982:01-2023:06 sample, while the aligned LTG proxy yields ap-
proximately 203,000 because it additionally requires non-missing long-term-growth forecasts.
Across all three proxies, the average common-support size is 9.92 of 10 target dates, so the

alignment procedure discards very little.
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A.4.3 Target-Date Alignment

Naive month-over-month changes in analyst forecasts are contaminated by three mechanical
effects. First, horizon roll: a forecast labeled FY2 at time ¢ may correspond to the same future
fiscal-year-end date as a forecast labeled FY1 at time ¢ + 1, so a same-label comparison mixes
true revisions with the mechanical shortening of the forecast horizon. Second, fiscal-year
relabeling: around a firm’s fiscal-year rollover, the set of forecast labels itself changes, and a
simple change in the FY1 forecast around those months combines true updating with relabeling
noise. Third, the passage of time: even if analysts receive no new information, a month-to-
month change in a present-value-weighted level can occur mechanically because the same set

of future cash flows is now one month closer.

The aligned construction strips these effects. For each firm ¢ and target date 7', let F; ,(7")
denote the analyst forecast at time ¢ for the cash-flow object dated 7". The aligned revision is
the change between adjacent months over a fixed target date:

Vz‘(ﬂl(T) = Fi 1 (T) — Fil(T). (A.22)

)

This matches equation (1.15) in the body. The target date 7" is held fixed across the revision
window: the revision measures a change in beliefs about the same future cash-flow object, not
a change in the object being forecast. For each firm, alignment is computed on the common-
support set of target dates available in both ¢ and ¢ 4 1. The first-horizon target-date rollover
rate is approximately 8%, large enough to make alignment necessary but small enough that

the common-support restriction discards little data.
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A.4.4 Behavioral Cash-Flow News Proxy Construction

The three proxies differ in the analyst-forecast inputs used to build the firm-level expectation
path. Each proxy first constructs a firm-level present-value-weighted expectation path for
future cash-flow growth over annual horizons h = 1, ..., 10 at annual discount rate p,,, =
0.9777, with persistence parameter ¢ = 0.445 governing decay toward a cross-sectional long-

run anchor. Aligned revisions are then formed using equation (A.22).

CBR (Composite Belief Revision). The composite proxy combines short-horizon analyst earn-
ings forecasts and long-term-growth forecasts. The first two annual horizons are pinned down
directly by FY1 and FY2 forecasts, scaled by trailing twelve-month earnings. Horizons i > 3
blend the firm-specific LTG forecast with a cross-sectional long-run anchor, with the persis-
tence parameter ¢ controlling the weight on firm-specific information. This is the flagship
proxy because it uses the broadest information set and preserves a transparent separation

between short-horizon analyst information and the longer-horizon continuation path.

LTG (Long-Term Growth). The LTG proxy uses only the long-term-growth forecast. The
expectation path applies the LTG growth rate to all horizons i = 1, ..., 10, blended with the
cross-sectional long-run anchor according to ¢. This isolates the long-run-growth component

of the composite proxy.

STR (Short-Term Revision). The STR proxy follows the De La O and Myers (2021) construction
of cash-flow expectations from analyst earnings forecasts. Only FY1 and FY2 are used, with the
distant-horizon path determined by geometric decay from the second-year forecast-implied
growth rate. Unlike CBR, STR does not incorporate analyst long-term-growth forecasts and

does not impose convergence to a cross-sectional long-run target.
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A.4.5 Market-Level Aggregation and Belief-Level Control

For each proxy, the market-level revision aggregates firm-level revisions using lagged value

weights:

B N B
t+1 — 1t Vi t+1
1€y

where 7, is the set of firms with usable aligned forecasts at time ¢, and w; ; is the time-t market-
value weight of firm 7, normalized within 7, to sum to one. Weights are lagged by one month
relative to the revision dates to limit same-month price feedback into the aggregation. This

matches equation (1.16) in the body.

The belief-level control b§B) in the baseline state vector (1.12) is the corresponding firm-
level expectation path level (rather than its first difference) aggregated using the same value
weights. In the baseline specifications, b§B> is the CBR-based belief level and is held fixed
across the CBR, LTG, and STR revision-proxy systems. Holding the level control fixed makes
the systems easier to compare: the revision proxy varies across specifications, while the state
variable controlling for the current level of cash-flow beliefs is held constant. The belief level
is highly persistent (first-order autocorrelation approximately 0.92) and behaves like a level

state variable, complementing the revision proxy in the forecasting system.

A.4.6 Proxy Validation: Summary Statistics and Placebos

Table A.1 reports summary statistics for the three aligned revision proxies and a simple horizon-
label placebo. The aligned revisions have near-zero means, moderate volatility, and low first-
order autocorrelations. The simple next-fiscal-year revision (which ignores fiscal-year rollover)

is roughly twice as volatile, substantially more persistent, and nearly uncorrelated with the
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aligned CBR proxy. These properties support treating the aligned revisions as news-like belief-

revision measures rather than horizon-roll artifacts.

Table A.1: Summary Statistics for Aligned Revisions and Placebo

Series Mean SD AC(1) Correlation
with CBR
Aligned CBR Revision —0.00 0.01 0.15 1.00
Aligned LTG Revision —0.00 0.01 0.17 0.62
Aligned STR Revision -+0.00 0.01 0.06 0.90
Simple Next-Fiscal-Year Revision —0.01 0.02 0.51 —0.10
CBR Belief Level 0.14 0.02 0.92 0.15

Notes: The table reports the sample mean, standard deviation, first-order autocorrelation, and correlation with the
aligned CBR revision for each series. All aligned revisions use month-¢ value weights, a 10-horizon expectation
path with ¢ = 0.45 and pann = 0.98, common-support target-date alignment, within-month winsorization at the
1st and 99th percentiles, and a minimum of three contributing analysts. Firm-months are additionally restricted
to EPSE};a 1> 0.10and FY1;; > 0. The belief level is the CBR-based level series used as the fourth state variable
in equation (1.12).

The aligned proxies are also positively correlated with one another: pairwise correlations
are 0.902 (CBR vs. STR), 0.620 (CBR vs. LTG), and 0.271 (LTG vs. STR). The CBR and STR series

move closely together because both rely heavily on short-horizon earnings forecasts; the LTG-

only proxy is more distinct because it isolates a narrower long-run-growth component.

A.4.7 Rationality and Predictability Diagnostics

The aligned revisions display predictable dynamics that are difficult to reconcile with a full-
information rational benchmark. Autocorrelation regressions show first-order coefficients
that are statistically positive for CBR and LTG, consistent with sticky updating. Joint pre-

dictability tests find that the state vector z; from equation (1.12) predicts next-period revisions
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with sample R? values in the range of 5-10% depending on the proxy.

These diagnostics are not used as the main identification argument. They show that the
aligned series behave like subjective belief updates rather than full-information rational news:
they are not mechanically persistent horizon-label changes (the placebo in Table A.1 is much
more persistent), but they display predictable dynamics consistent with sticky or biased updat-
ing. The empirical decomposition in Section 1.3.4 uses the rationally unexpected component
Ct(fl) rather than the raw revision, so predictable raw revisions do not contaminate the news-

side tests.

A.4.8 Persistence Profiles of Aligned Revisions

Local-projection persistence profiles characterize the dynamic behavior of the aligned revi-
sions. For each proxy, the cumulative-revision impulse response over horizons h = 1,...,24
months is positive at short horizons and decays toward zero at longer horizons. CBR and STR
show comparable short-run persistence with similar decay profiles. LTG displays mild short-
run mean reversion before decaying, consistent with the more distinct information content of

the long-term-growth signal documented in the cross-proxy correlations.

The persistence profiles are diagnostic rather than identifying. They support the body’s
interpretation of the aligned revisions as belief-revision news with predictable dynamics, not

as either pure white-noise innovations or as level-like state variables.
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A.49 Common Component Across Proxies

The three aligned proxies share a substantial common component. Let

Xi = (UeBRyt, VLGt USTRt)

be the standardized aggregate aligned revision series, and let f; denote the first principal com-
ponent of X, oriented to load positively on the flagship CBR proxy. The first principal com-
ponent explains 74.4% of the standardized variance across the three proxies. Loadings on the

standardized series are approximately 0.66 on CBR, 0.46 on LTG, and 0.59 on STR.

The principal-component summary is almost perfectly correlated with the aligned CBR
proxy (0.991), strongly correlated with STR (0.878), and weakly but positively correlated with
LTG (0.692). This pattern is consistent with the pairwise correlation matrix in Appendix A.4.6:
CBR and STR move closely together because both rely on short-horizon earnings information,

while LTG contains a related but more distinct source of variation.

The principal-component summary is retained as a commonality diagnostic, not as the
headline behavioral signal. Because the summary is so highly correlated with CBR, it adds little
new information beyond the flagship proxy while giving greater weight to the more distinct

LTG component. The body therefore uses CBR as the flagship behavioral measure.
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A.5 VAR, News Construction, and Inference

This appendix gives the econometric implementation details behind Section 1.3.5 and Sec-
tion 1.3.6. Appendix A.5.1 states the benchmark VAR specification. Appendix A.5.2 describes
estimation and stability. Appendices A.5.3-A.5.5 give the news-construction algebra and the
empirical belief-bias news objects. Appendix A.5.6 reports the Campbell and Ammer (1993)
identity check. Appendix A.5.7 states the slope-restriction Wald statistic. Appendices A.5.8—
A.5.9 describe the stationary block bootstrap and the null-imposed bootstrap used for the slope
test. Appendix A.5.10 describes the direct horizon tests. Appendices A.5.11-A.5.12 report
finite-sample null diagnostics and heteroskedasticity- and autocorrelation-consistent (HAC)

bandwidth sensitivity.

A.5.1 Benchmark VAR Specification

The benchmark state vector is
Ty = [rxt, rfi, Vt(B), bgB), pdy, tst]/,
matching equation (1.12). The dynamics follow a monthly VAR(1):
T =a+ D+ e,

The sample is February 1982 through June 2023, providing 497 monthly VAR observations and
496 usable news-term observations after one observation is lost in forming first-differenced in-

novations. The log-linearization constant is pmentmiy = 0.998122 (annualized papnua = 0.978),
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calibrated from the unconditional mean of pd; in the legacy sample. The CBR, LTG, and STR

systems are estimated separately, each replacing the third state slot (Vt(B)) with the correspond-

ing behavioral cash-flow news proxy. The fourth state variable bﬁB) is the CBR-based belief

level and is held fixed across all three systems.

A.5.2 VAR Estimation and Stability

The VAR is estimated equation by equation by ordinary least squares, with intercepts left
unrestricted. The innovation covariance matrix is ¥, = 7! > E1E +1> Where &, are the

OLS residuals.

The system requires that the present-value matrix A = pI'(I — pI") ! exists, which holds
when the spectral radius of pf is strictly less than one. In the legacy six-variable VAR, the
dominant eigenvalue of pf is approximately 0.977, well within the stability region. Bootstrap
draws are checked for stability, and the rare unstable draws (< 0.5% of the 5,000 replications)

are discarded and redrawn.

A.5.3 News Construction

Define the geometric-sum operator
M= (I-pD)", A=pl M.
Risk premium news and risk-free-rate news are

(r) 1 (r) o
Nppip = €1 Mer, Nppipr = €a N
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Cash-flow news is recovered from the Campbell and Ammer (1993) identity:
Ng}?,tﬂ =€) g1 + NI(%rlz“,tJrl + NI(%TI)J,tJrl = (€] +ehA+ef A) e (A.23)

This ordering matches the body’s narrative: V ](Qg and N }_{} are constructed directly from the
forecasting system’s revisions to future expected returns and rates, and V, g I), is recovered last
so that the accounting identity holds exactly. The fitted forecast series used for the sample and
population forecast- R? statistics in Appendix A.3.5 are Erzpy, = ei(a+ T'z;) and ]Etyt(f% =

eh(@—+Ty).

A.5.4 Risk-Free-Rate News Timing Convention

The implementation above treats risk-free-rate news symmetrically with risk premium news:
both are present-value revisions in future rates discounted at p’, indexed at ¢ + 1+ j for j > 1.
This is the Vuolteenaho-symmetric convention. An alternative textbook convention in some
references indexes the rate stream at ¢ + j rather than ¢ + 1 4 j, which yields a slightly differ-
ent intercept allocation between NV ](_{ } and N, g} Both conventions yield internally consistent
return-news decompositions; the choice does not affect the sign or magnitude of the empiri-
cal relation between N gl); and the belief-bias proxy. The implementation uses the symmetric

convention for transparency.
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A.5.5 Constructing Empirical Belief-Bias News

For each behavioral cash-flow news proxy j € {CBR, LTG,STR}, the empirical belief-bias
wedge is

(B (B (r)
n;, tJ)rl jt—?—l - NCF,t—i—l?

matching equation (1.17). The rationally unexpected component is

(B) r) (B)
Cgt+1 n]t—i-l Eg Njt+1

(B)

(B) (B)

where Ei )77 ++1 1s the linear projection of 7;,1, on the time-t state vector x;. Because v,

is the third state-vector slot and Ng %,t 1 is constructed in equation (A.23), the linear-system

form of ¢(#) in the VAR innovation representation is
B
Gl = (e — ¢ — esh — €l A) e

This connects directly to the matrix-wedge expression in equation (A.18): the matrix wedge

matrix

. r B
is WA = Nb o+ () = (e — € — ehA)erar

A.5.6 Campbell-Ammer Identity Checks

The implementation verifies that the news-construction algebra reproduces the Campbell and

Ammer (1993) identity to machine precision. Define the identity residual

Rt+1 = (thH - Egr)rle) N(I)7t+1 + Ng})?,ﬂrl + NgI)D,tJrl'
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Across the legacy 496-observation news series, max, | Ry | ~ 8.3 x 1077, confirming numer-

ical recovery of the identity to floating-point precision.

A.5.7 Wald Statistic for the One-Step Slope Restriction

The slope restriction is Hy : e|I' = €41, equivalently R = 0 where § = vec(I') and R
is the corresponding restriction matrix that picks the difference between the rz-row and the

vB)_row. The Wald statistic is

~

W = (RO) (R Var(0) R)) ™" (RD),

with the asymptotic variance computed from a Newey-West HAC-adjusted stacked-system
covariance estimator using bandwidth L = 6. There are six restrictions in the benchmark six-
variable VAR. Under the null and asymptotic regularity conditions, IV is approximately x?(6).
The body’s primary inference is the null-imposed bootstrap of Appendix A.5.9; the asymptotic

statistic is reported as a diagnostic.

A.5.8 Stationary Block Bootstrap

The stationary block bootstrap of Politis and Romano (1994) generates time-series resamples
that preserve serial dependence. The implementation uses B = 5,000 replications and a mean

block length of 12 months. For each replication, the algorithm:

1. resamples residual blocks (or state-vector blocks, depending on the moment) from the

unrestricted VAR;
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2. simulates the time series under the unrestricted estimated dynamics;

3. re-estimates the VAR;

4. recomputes A, Ngl)g, Ng%, Ng}, 77](-3), C](-B), the matrix wedge, and all reported test

statistics from the bootstrap-replicated series;

5. checks stability and discards (or redraws) unstable replicates.

The principle is that all generated news objects are reconstructed within each replication, so
the bootstrap distribution captures the joint sampling uncertainty of the estimated VAR and
the constructed news terms. Confidence intervals are reported as percentile intervals across

the B replications.

A.5.9 Null-Imposed Bootstrap for the Slope Test

The slope-restriction Wald statistic is constructed on a small number of restrictions in a per-
sistent forecasting system. The asymptotic y?(6) approximation tends to over-reject in finite
samples (Appendix A.5.11). The body therefore uses a null-imposed bootstrap as the primary

inference procedure. The algorithm:

1. estimates the restricted VAR under ¢|I" = e}I" by stacked GLS imposing the equality

across the rx and P equations;
2. collects restricted residuals;

3. resamples residual blocks via the stationary block bootstrap with B = 5,000 and mean

block length 12;
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4. simulates bootstrap series under the restricted dynamics;
5. re-estimates the unrestricted VAR on each replicate;
6. computes the Wald statistic * on each replicate;

7. 1eports Phoot = B D, T{W; > Wi}

Unstable replicates are discarded.

A.5.10 Direct Horizon Tests and Local Projections

The direct horizon tests in Section 1.4.2 use local projections (Jorda 2005) rather than VAR-
iterated cumulative restrictions. For each horizon h € {1, 12,24, 36,60} months, the cumula-

tive excess return and cumulative belief revision are projected on the time-t state vector:

h
i—1
Z pJ T’xt+j = Qrg,h + b;mﬁ Ty + Urg.t,hs
j=1
h
. (B
Z p? Vt(+; =y + by, Ty A Uy g
j=1
The horizon-h slope restriction tests Hy : b, = b, via a stacked-system Wald statistic

with HAC standard errors at bandwidth max(h, 6). Inference uses a null-imposed stationary
block bootstrap parallel to the 1-step procedure in Appendix A.5.9, with the restricted VAR

re-estimated under the null and bootstrap series simulated from the restricted dynamics.

The h = 1 case validates the procedure: by construction, the LP estimate at h = 1 should
reproduce the 1-step VAR slope test up to bootstrap sampling noise. Empirically, this validation

holds in the data (Table 1.4). Sample size declines at longer horizons because of the loss of h
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overlapping observations; effective sample sizes are reported alongside each estimate. The
direct horizon tests do not impose the VAR’s iterated implication that 1-step slope equality
forces horizon-h slope equality (Appendix A.2.6). They therefore identify cases in which the
VAR-iterated implication fits 1-step well but fails at long horizons, as in the 5-year LP rejection

documented in the body.

A.5.11 Finite-Sample Null Diagnostics

The asymptotic x*(6) approximation is too aggressive for the slope-restriction Wald statistic
in this setting. Table A.2 reports the median, mean, and 95th percentile of the null-imposed
bootstrap distribution alongside the x?(6) reference. The bootstrap null is centered well above
x?(6): the null median ranges from 11.57 to 12.27 across proxies vs. a x?(6) median of 5.35,
and the null 95th percentile ranges from 28.26 to 31.47 vs. a x*(6) critical value of 12.59. An
observed Wald statistic that appears large relative to x*(6) may be entirely unremarkable rel-
ative to the true finite-sample null. This is the core finite-sample motivation for the bootstrap

procedure.

Table A.2: Null-Imposed Bootstrap Diagnostics for the Slope-Restriction Wald Statistic

Reference Distribution Median Mean 95" Percentile
x2(6) Asymptotic Reference 5.35 6.00 12.59
Null-Imposed Bootstrap, CBR 11.57 13.26 29.07
Null-Imposed Bootstrap, LTG 12.27 14.16 31.47
Null-Imposed Bootstrap, STR 11.86 13.36 28.26

Notes: The table reports summary statistics from the null-imposed bootstrap distribution of the slope-restriction
Wald statistic for each proxy (B = 5,000, mean block length 12 months). The null distribution is constructed by
simulating bootstrap data under the restricted VAR with €)' = e4I" imposed, and re-estimating the unrestricted

VAR on each replicate. The x?(6) row reports the corresponding asymptotic reference values.

223



A.5.12 HAC Bandwidth and Inference Sensitivity

The Newey-West HAC bandwidth used to compute the asymptotic variance of fis L = 6
in the baseline implementation. Alternative bandwidths L € {4,8,12} produce asymptotic
Wald statistics within +£10% of the baseline; the qualitative conclusions on slope-restriction

non-rejection are unchanged.

The body’s primary inference procedure is the null-imposed bootstrap of Appendix A.5.9,
not the HAC-asymptotic Wald. The HAC sensitivity is reported as a diagnostic. The bootstrap
procedure preserves serial dependence in the data without relying on a kernel approximation
to the long-run covariance, and it imposes the null through the data-generating process rather
than through the reference distribution. The null-imposed bootstrap is therefore robust to both

bandwidth choice and small-sample skewness in the Wald distribution.
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A.6 Additional Empirical Tables

This appendix reports empirical results that support Sections 1.4 and 1.5. The main text re-
ports compact tables for the baseline time-series evidence, direct horizon tests, matrix wedges,
and horizon diagnostics. The tables below provide additional detail: an extended baseline by
proxy, bootstrap confidence intervals, the standard Campbell and Ammer (1993) variance de-
composition, alternative forecast-comovement measures, full horizon profiles, matrix-wedge
bootstrap summaries, p-sensitivity, state-vector and lag-order robustness, HAC bandwidth di-

agnostics, and reserved sample/frequency robustness rows.

A.6.1 Baseline Results by Proxy

Table A.3 expands the baseline time-series evidence in Table 1.3. The main text reports the di-
rectional news correlation, behavioral scale ratio, sample forecast correlation, sample forecast
R?, and the null-imposed bootstrap p-value for the 1-step slope restriction. The extended table

adds the population forecast-comovement statistic and the slope-restriction Wald statistic.

Table A.4 consolidates bootstrap uncertainty for the main baseline objects in one place.
Matrix-wedge intervals are reproduced from Table 1.5; forecast R? intervals are reported in
Table A.6. Bootstrap intervals for the news correlation and B, are reserved for the corre-

sponding stationary-block bootstrap output.
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Table A.3: Extended Baseline Time-Series Evidence

Proxy News Bicale Forecast Sample Population Wobs DPhoot
Correlation Correlation R? R?

CBR —0.11 0.34 0.51 0.26 0.34 8.92 0.66

LTG —0.11 0.28 0.51 0.26 0.29 15.76 0.35

STR —0.10 0.34 0.46 0.21 0.30 9.03 0.67

Notes: Sample 1982:02-2023:06, T' = 496 usable news observations. “News Correlation” is the correlation be-
tween N ]({1)3 and ¢ (B) | Bycae is the variance ratio in equation (1.10). “Forecast Correlation” is the signed sample
correlation between I/Etrxt_,_l and Etut(fi. “Sample R?” is the squared sample forecast correlation. “Population
R?” is the value from the discrete Lyapunov equation (A.21). W is the slope-restriction Wald statistic in Ap-
pendix A.5.7. Phoot is the null-imposed bootstrap p-value (Appendix A.5.9). Asymptotic x2(6) p-values are 0.18,

0.01, and 0.17 for CBR, LTG, and STR.

Table A.4: Bootstrap Confidence Intervals for Baseline Statistics

Proxy News Bicale Forecast Sample  Population Wobs Dhoot
Correlation Correlation R? R?

CBR —0.11 0.34 0.51 0.26 0.34 8.92 0.66

LTG —0.11 0.28 0.51 0.26 0.29 15.76 0.35

STR —0.10 0.34 0.46 0.21 0.30 9.03 0.67

Notes: Sample 1982:02-2023:06, 7' = 496 usable news observations. “News Correlation” is the correlation be-

tween N ](Q, and ((B). By is the variance ratio in equation (1.10). “Forecast Correlation” is the signed sample

correlation between E;rz,4; and Etz/t(fi. “Sample R?” is the squared sample forecast correlation. “Population

R?” is the value from the discrete Lyapunov equation (A.21). W is the slope-restriction Wald statistic in Ap-
pendix A.5.7. Phoot is the null-imposed bootstrap p-value (Appendix A.5.9). Asymptotic x?(6) p-values are 0.18,
0.01, and 0.17 for CBR, LTG, and STR.

A.6.2 Campbell-Ammer Variance Decomposition

Table A.5 reports the standard Campbell and Ammer (1993) variance decomposition of un-
expected excess returns for the legacy six-variable VAR. Risk premium news is the dominant
component of the unexpected-return variance, accounting for roughly 89% of Var(rz,;; —

Eﬁ”mtﬂ) at the standard variance-share definition. This is the conventional decomposition.
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The paper’s contribution is interpretive: it asks what fraction of this risk premium news object

reflects biased cash-flow beliefs.

Table A.5: Campbell-Ammer Variance Decomposition

Component Variance Share
Var(Ng)p)/Var(ur) 0.22
Var(Ng%)/Var(ur) 0.13
Var(NgI)j)/Var(ur) 0.89
—2 COV(Ng},Ng})/Var(ur) —0.04
—2 COV(Ng},Ng}D)/Var(ur) —0.08
+2 COV(Ng},N]({I)D)/Var(uT) —0.12
Identity Residual max;|R{2 | 5.6 x 10717

Notes: Variance shares of unexpected excess returns from the legacy six-variable CBR VAR. w, = rzi41 —

IE,ET)Txt+1. The variance shares of the news terms and the cross-product terms sum to one by the Campbell and
Ammer (1993) identity. The identity residual reports the maximum absolute deviation from the identity in the
data, confirming numerical recovery to floating-point precision (Appendix A.5.6).

A.6.3 Forecast-Comovement Statistics

Table A.6 collects the alternative forecast-comovement statistics used in the paper. The main
text reports the signed sample forecast correlation and the corresponding squared sample cor-
relation. The introduction and abstract also refer to the population forecast-comovement mea-
sure, which uses the stationary distribution implied by the estimated VAR. The table addition-
ally reports three bias-corrected bootstrap intervals. The sample values match Table 1.3; the

population values around 0.30 correspond to the figures cited in the abstract and introduction.
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Table A.6: Forecast Comovement: Sample, Population, and Bias-Corrected R?

Proxy = Sample  Population Pivot/Pop Mean-BC Median-BC
R? R? 95% CI 95% CI 95% CI
CBR 0.26 0.34 [0.08,0.61] [0.19,0.71] [0.23,0.76]
LTG 0.26 0.29 [0.03,0.56] [0.14,0.67] 0.19,0.71]
STR 0.21 0.30 [0.00, 0.51] [0.15, 0.70] [0.20, 0.76]

Notes: Sample R? is the squared sample correlation between fitted return forecasts and fitted belief-revision
forecasts. Population R? is the value from the discrete Lyapunov equation (A.21). The three confidence intervals
correspond to (i) a pivot-style CI centered on the population value, (ii) a mean-bias-corrected CI, and (iii) a
median-bias-corrected CI, all from a stationary block bootstrap with B = 5,000 replications and mean block
length 12 months (Appendix A.5.8).

A.6.4 Full Horizon Slope Tests

Table A.7 reports direct horizon slope tests for h € {1, 3,6,12,24, 36,60} months, extending
Table 1.4 in the body. The pattern is consistent across proxies: non-rejection at 2 < 36, sharp
rejection at h = 60.

Table A.7: Direct Horizon Slope Tests, All Reported Horizons

Proxy h=1 h=3 h=6 h =12 h =24 h = 36 h =60
CBR 0.66 0.66 0.61 0.67 0.61 0.35 0.00
LTG 0.35 0.24 0.22 0.43 0.29 0.36 0.00
STR 0.67 0.72 0.58 0.61 0.59 0.29 0.00

Notes: Bootstrap p-values for direct horizon slope tests (Appendix A.5.10). Each cell tests Hy : by5p = by p
where b, , and b, j, are the slope vectors from the cumulative-return and cumulative-revision local-projection
regressions on the time-t state vector. Bootstrap inference uses a null-imposed stationary block bootstrap with
B = 5,000 and mean block length 12 months. The h = 1 column matches the 1-step VAR slope test up to
bootstrap sampling noise.

A more detailed version of the same output reports the test statistic, asymptotic p-value,

HAC standard error, and effective sample size in the standard local-projection form. Table A.8
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reserves the layout. Bootstrap p-values are the preferred inference; the additional columns are

reported as diagnostics only.

Table A.8: Direct Horizon Slope Tests: Detailed Output

Proxy  Horizon Wald Statistic DPhoot Dasym Observations
CBR 1 8.92 0.66 0.18 496
CBR 12 12.58 0.67 0.05 485
CBR 24 15.88 0.61 0.01 473
CBR 36 31.08 0.35 0.00 461
CBR 60 606.05 0.00 0.00 437
LTG 1 15.76 0.35 0.01 496
LTG 12 21.88 0.43 0.00 485
LTG 24 32.04 0.29 0.00 473
LTG 36 33.31 0.36 0.00 461
LTG 60 624.71 0.00 0.00 437
STR 1 9.03 0.67 0.17 496
STR 12 14.27 0.61 0.03 485
STR 24 16.28 0.59 0.01 473
STR 36 35.55 0.29 0.00 461
STR 60 617.95 0.00 0.00 437

Notes: Detailed direct-horizon test output. The Wald test stacks the cumulative-return and cumulative-revision
LP regressions and tests the six-restriction equality b, = ¢, via Newey-West HAC with bandwidth max(h, 6),
reporting ppoot from a null-imposed bootstrap with B = 5,000 and mean block length 12 months. Bootstrap
p-values match Table A.7; minor differences relative to the body’s h € {12,24,36} entries reflect bootstrap

sampling noise. Asymptotic p-values reported as 0.00 are below floating-point resolution.

A.6.5 Matrix-Wedge Bootstrap

Table A.9 expands Table 1.5. It reports the unrestricted and slope-restricted matrix-wedge
variance ratios, the corresponding bootstrap confidence intervals, and the innovation-level
correlation Corr(N g]);, —(®)) in both the unrestricted and slope-restricted systems. The cor-
relation columns are useful for interpreting why imposing the 1-step slope restriction does not
mechanically repair pointwise long-horizon news equality (Section 1.5.2, Appendix A.2.7). The

unrestricted correlations match the news correlations in Table 1.3 up to sign convention; the
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slope-restricted correlations are negative for all three proxies.

Table A.9: Matrix-Wedge Bootstrap Results

Proxy Unrestricted Slope-Restricted Unrestricted Slope-Restricted
Ratio Ratio Correlation Correlation

CBR 1.22 2.98 +0.11 —0.38
[0.77, 2.67] [1.57, 6.72]

LTG 1.17 2.39 +0.11 —0.43
[0.72,2.51] [0.81, 6.98]

STR 1.22 3.19 +0.10 —0.41
[0.77, 2.66] [1.65,7.07]

Notes: The unrestricted ratio is the matrix-wedge variance ratio defined in equation (1.8), computed in the un-
restricted six-variable VAR. The slope-restricted ratio recomputes the wedge after imposing the 1-step slope
restriction in equation (1.6). The unrestricted correlation reports the innovation-level correlation between ratio-
nal risk premium news and negative empirical belief-bias news in the unrestricted system; the slope-restricted
correlation reports the same object after imposing the slope restriction. Brackets below each ratio report the 95%
stationary-block bootstrap percentile confidence interval.

The confidence intervals for the unrestricted and slope-restricted ratios overlap, so the
difference between the two ratios is not interpreted as a precisely estimated incremental effect.

The robust implication is instead that 1-step slope equality and pointwise long-horizon news

equality are distinct restrictions.

A.6.6 Horizon Decomposition

Table A.10 reports the numerical values behind Figure 1.1: the matrix-wedge variance ratio
W), the innovation-level correlation p, = Corr(N }({%h, — ,(LB)), and the forecast-comovement
R? at horizons h € {1,3,6,12,24,36,60}. The pattern is the convergence story discussed in

Section 1.5.3: W}, is large at short horizons (driven by small Var(Ngpy,) in the denominator)

and decays toward the infinite-horizon ratio of 1.22 for CBR (Table 1.5) as h grows.
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Table A.10: Horizon Diagnostics: Numerical Values

Proxy Horizon h W, Oh R}QL
CBR 1 341.93 +0.09 0.34
CBR 3 90.49 +0.35 0.31
CBR 6 23.19 +0.33 0.33
CBR 12 6.90 +0.19 0.33
CBR 24 2.87 +0.02 0.28
CBR 36 2.07 —0.05 0.21
CBR 60 1.62 —0.06 0.10
LTG 1 141.14 +0.07 0.29
LTG 3 63.61 +0.23 0.20
LTG 6 21.84 +0.34 0.19
LTG 12 6.72 +0.24 0.15
LTG 24 2.77 +0.06 0.06
LTG 36 1.99 —0.01 0.01
LTG 60 1.56 —0.04 0.02
STR 1 674.63 —0.03 0.30
STR 3 85.91 +0.31 0.31
STR 6 22.03 +0.31 0.33
STR 12 6.88 +0.20 0.36
STR 24 2.89 +0.03 0.35
STR 36 2.07 —0.04 0.30
STR 60 1.62 —0.06 0.22

Notes: Wj, = Var(wedge,,)/Var(N g 1)3’ ,) uses Ay, in place of the infinite-horizon A. pj, is the innovation-level
correlation between cumulative risk premium news and negative cumulative belief-bias news. R? is the pop-
ulation forecast-comovement statistic at horizon h. Note the very large W for STR (674.63): at h = 1 the
denominator Var(Ngp 1) is small, inflating the ratio; W), converges to the infinite-horizon ratio in Table 1.5 as

h grows.

Table A.11 reports convergence diagnostics for the finite-horizon present-value matri-
ces. The dominant-mode tail factor uses the leading persistence mode of the baseline VAR,

approximately 0.977"1.
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Table A.11: Finite-Horizon Tail Diagnostics

Horizon h Dominant-Mode Tail Factor Tail Norm Ratio Notes
12 0.74 0.95 One Year
24 0.56 0.85 Two Years
36 0.42 0.74 Three Years
60 0.24 0.52 Five Years
120 0.06 0.18 Ten Years
240 0.00 0.02 Twenty Years

Notes: The dominant-mode tail factor uses the scalar persistence approximation 0.977"+1; it is a scale calculation
for the persistence of the present-value tail, not an exact matrix-norm identity. The tail norm ratio reports
IA — Ap||#/||Al| F for the legacy six-variable Bretscher VAR. LTG and STR vyield similar values (within 0.01 at
every horizon).

A.6.7 p-Sensitivity

Table A.12 reports the sensitivity of the 5-year horizon diagnostics to the log-linearization
constant p. The baseline value is pmonmiy = 0.998122. Alternative values of 30.001 around the

baseline produce small shifts in W}, pj,, and R?, leaving the qualitative conclusions unchanged.

A.6.8 State Vector and Lag Order Robustness

Table A.13 reports the slope-restriction Wald statistic and bootstrap p-value across alternative
state vectors and lag orders for the CBR proxy. The four-variable system drops ) from the
state vector and serves as a placebo. The five-variable variants drop the belief level or the term
spread. The six-variable specification is the baseline. VAR(2) and VAR(3) report results for the

baseline state vector with longer lag orders.
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Table A.12: p-Sensitivity at the Five-Year Horizon

Proxy p Weo P60 RZ,
CBR 0.997122 1.68 —0.05 0.10
CBR 0.998122 (Baseline) 1.62 —0.06 0.10
CBR 0.999122 1.56 —0.08 0.10
LTG 0.997122 1.61 —0.02 0.02
LTG 0.998122 (Baseline) 1.56 —0.04 0.02
LTG 0.999122 1.51 —0.05 0.03
STR 0.997122 1.67 —0.04 0.22
STR 0.998122 (Baseline) 1.62 —0.06 0.22
STR 0.999122 1.56 —0.07 0.22

Notes: Five-year horizon diagnostics computed at three values of the log-linearization constant: the baseline
Pmonthly = 0.998122 and £0.001 around it. Wpo is the matrix-wedge variance ratio at A = 60 months. pgo
is the innovation-level correlation. R2, is the forecast-comovement statistic. The qualitative conclusions are
insensitive to small variations in p.

Table A.13: State-Vector and Lag-Order Robustness, CBR Proxy

Specification Bicale News Wobs Asy. p,2 DPhoot
Correlation
4-Var (No v/(B)) 0.24 +0.01 7.03 0.13 0.40
5-Var (No b(5)) 0.31 —0.05 7.86 0.16 0.61
5-Var (No ts) 0.28 —0.08 7.18 0.21 0.53
6-Var (Baseline) 0.34 —0.11 8.92 0.18 0.66
VAR(2), 6-Var 0.17 —0.12 13.28 0.35 0.92
VAR(3), 6-Var 0.16 —0.08 18.68 0.41 0.96

Notes: Slope-restriction tests across alternative state vectors and lag orders for the CBR proxy. Sign and slope
evidence are stable; scale and the four-variable placebo behave as expected. The four-variable specification drops
the behavioral cash-flow news proxy and serves as a placebo: with no v/(?) in the state vector, ¢(¥) is uncorrelated
with N g}, by construction. The longer-lag specifications (VAR(2), VAR(3)) fit a richer dynamic system,; the slope
restriction is more imprecisely estimated but still not rejected.
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A.6.9 HAC Bandwidth Sensitivity

Table A.14 reports the slope-restriction Wald statistic and asymptotic p-value for the CBR
proxy at alternative Newey-West HAC bandwidths L € {0,3,6,12,18,24}. The baseline
L = 6 valueis W = 8.92, p,» = 0.178. Alternative bandwidths produce values in the range
W € [7.67,9.43] and p,2 € [0.151, 0.264]. The qualitative conclusion of slope-restriction non-
rejection is unchanged across bandwidths. The body’s primary inference is the null-imposed
bootstrap (Appendix A.5.9), which does not depend on a kernel bandwidth.

Table A.14: HAC Bandwidth Sensitivity, CBR Slope Test

HAC Bandwidth L Wobs Asy. py2
0 8.82 0.18
3 9.43 0.15
6 (Baseline) 8.92 0.18
12 7.73 0.26
18 7.67 0.26
24 7.75 0.26

Notes: Slope-restriction Wald statistic for the CBR proxy at alternative Newey-West HAC bandwidths. The
baseline implementation uses L = 6. The qualitative conclusion that the slope restriction is not rejected is stable
across bandwidths.

A.6.10 Sample and Frequency Robustness

Table A.15 reports sample and frequency robustness checks. “Excluding COVID” truncates the
sample at 2019:12, dropping the COVID shock and the post-COVID months. “Post-1990” be-

gins the sample at 1990:01, dropping the early analyst-coverage period. “Quarterly” resamples
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the monthly data to quarterly frequency (sums of rz and r f within quarter, end-of-quarter
levels for pd, ts, the belief-level control, and the analyst-revision proxy) and re-estimates the
VAR with the quarterly Campbell-Shiller constant pg = 0.9777'/%. These checks are not part

of the paper’s main identification strategy.

The pattern across specifications is informative. Truncating at 2019:12 strengthens the
negative news correlation (CBR: —0.177, LTG: —0.179, STR: —0.164) and raises the forecast R*
across all three proxies, consistent with the COVID period contributing high-variance return
innovations that weaken the measured comovement. The post-1990 subsample, by contrast,
attenuates and flips the sign of the news correlation across all three proxies: the negative
relation is weaker in the second half of the sample. The slope restriction is not rejected in any
of these subsamples or at the quarterly frequency. Quarterly B, values cluster near 0.25 (vs.
0.28-0.34 monthly), and the sample forecast R? is much smaller at quarterly frequency, mostly
because the quarterly sample has only 7" = 166 observations and the sample-vs.-population

R? gap is larger at quarterly frequency (Appendix A.6.3).

A.6.11 Summary

The additional empirical tables support three conclusions. First, the main sign, scale, forecast-
comovement, and 1-step slope results are visible across all three behavioral cash-flow news
proxies. Second, the distinction between sample and population forecast R? is quantitative
rather than conceptual: both measure positive forecast-side comovement between expected
returns and expected belief revisions. Third, the longer-horizon and matrix-wedge diagnostics
confirm the main text’s interpretation: the data support the belief-driven component, while

exact pointwise long-horizon equality is too strong.
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Table A.15: Sample and Frequency Robustness

Proxy Specification Sample News Bicale Forecast Slope

Correlation R? Dboot
CBR  Baseline Monthly 1982:02-2023:06 —0.11 0.34 0.26 0.66
CBR  Excluding COVID 1982:02-2019:12 —0.18 0.40 0.48 0.72
CBR  Post-1990 1990:01-2023:06 +0.04 0.33 0.23 0.76
CBR  Quarterly 1982:Q1-2023:Q2 —0.07 0.26 0.07 0.72
LTG Baseline Monthly 1982:02-2023:06 —0.11 0.28 0.26 0.35
LTG Excluding COVID 1982:02-2019:12 —0.18 0.31 0.41 0.22
LTG Post-1990 1990:01-2023:06 +0.04 0.27 0.30 0.43
LTG  Quarterly 1982:Q1-2023:Q2 —0.06 0.26 0.04 0.55
STR  Baseline Monthly 1982:02-2023:06 —0.10 0.34 0.21 0.67
STR  Excluding COVID 1982:02-2019:12 —0.16 0.39 0.43 0.75
STR  Post-1990 1990:01-2023:06 +0.05 0.32 0.13 0.73
STR  Quarterly 1982:Q1-2023:Q2 —0.08 0.25 0.04 0.65

Notes: Baseline-sample rows reproduce the headline statistics from Table 1.3. Each non-baseline row re-estimates
the legacy six-variable VAR on the relevant sample and reports the news correlation between N 1({1)3 and ¢(P),
Bicale = Var(¢®)) /Var(N }(g });), the squared sample correlation between fitted return forecasts and fitted analyst-
revision forecasts, and the null-imposed bootstrap p-value for the 1-step slope restriction ejI' = e4I' (B =
2,000, mean block length 12 months / 4 quarters; B = 5,000 for the baseline rows in Table 1.3). The quarterly

specification uses the quarterly Campbell-Shiller constant pg = pz/ .
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A.7 Reliability and Measurement-Error Corrections

This appendix reports the empirical reliability diagnostics and measurement-error corrections
behind Section 1.6.1. Appendix A.3 shows that measurement error affects scale, correlations,
projections, and forecast comovement differently. The purpose of this appendix is empirical:
I ask whether the aligned analyst proxies contain a meaningful common belief-revision sig-
nal, and how the main estimates change under simple reliability corrections. The corrections
are diagnostic rather than structural. They depend on measurement-error assumptions and

therefore complement, rather than replace, the baseline evidence.

A.7.1 Cross-Proxy Reliability

The main text uses three aligned analyst-based behavioral cash-flow news proxies: CBR, LTG,
and STR. These proxies use different forecast inputs and horizons, so their idiosyncratic mea-
surement errors need not be the same. If the paper’s belief measures were dominated by
proxy-specific noise, the three series would have little common variation. If they measure a

common component of subjective cash-flow belief revision, they should comove.

The proxies are not three fully independent measurements. CBR is a composite that in-
cludes a short-horizon component overlapping with STR, and the two share an underlying
analyst-forecast input. Cross-proxy reliability evidence should therefore be read as showing
that the aligned analyst series share a substantial common belief-revision signal, not as a clean
three-independent-measure validation design. The split-sample evidence in Appendix A.7.4

provides a separate cross-check that does not rely on cross-proxy independence.
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Table A.16 reports the pairwise correlation matrix of the three aligned proxies on the
legacy sample.

Table A.16: Cross-Proxy Correlations

CBR LTG STR
CBR 1.00 0.62 0.90
LTG 0.62 1.00 0.27
STR 0.90 0.27 1.00

Notes: Correlations among the three aligned behavioral cash-flow news proxies on the legacy sample (1982:02-
2023:06, T' = 497). The high CBR-STR correlation (0.90) is partly mechanical: CBR is a composite that contains
a short-horizon component related to the STR forecast input.

A.7.2 Common-Factor Diagnostics

As a complementary diagnostic, I extract the first principal component of the standardized
proxy vector ¥+ = (YcBRryt, YLTGt, YsTR.t) - Let ¢i denote the first eigenvector of the cross-

proxy correlation matrix; the common factor is PCy ; = ¢{y:.

The first principal component explains 74.4% of the standardized variance of the three
aligned proxies (eigenvalues 2.232, 0.749, 0.019). Table A.17 reports the loadings, correlations

of each proxy with PC', and per-proxy communalities.

The common-factor result is not used as the main empirical specification. The baseline
analysis keeps CBR, LTG, and STR separate because they measure different horizons and fore-
cast inputs. The common-factor evidence instead supports the measurement interpretation:

the three aligned proxies share a large belief-revision component.
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Table A.17: Common-Factor Diagnostics

Proxy PC1 Loading  Corr(Proxy, PC1)  Communality
CBR +0.66 +0.99 0.98
LTG +0.46 +0.69 0.48
STR +0.59 +0.88 0.77
PC1 Variance Share 0.74

Notes: First principal component of the three standardized aligned behavioral cash-flow news proxies. Commu-
nality is the squared correlation with PC, equal to the share of standardized proxy variance explained by the
common factor. The final row reports the share of total standardized variance explained by PC} (the leading
eigenvalue divided by 3).

A.7.3 Reliability Lower Bounds

The reliability calculations summarize how much of each measured proxy can be attributed
to a common signal rather than proxy-specific noise. Let a generic measured proxy be writ-
ten as y;; = s;j; + u;4, where s;, is the reliable signal component and wu;, is proxy-specific

measurement error. The reliability of proxy j is

B Var(s; )

R = NVar(yy)

When proxy-specific errors are orthogonal across measures, the cross-proxy covariance struc-
ture gives an empirical lower bound for R ;. The lower-bound interpretation uses only com-
mon variation as reliable signal and is conservative in that sense; the qualifier in Appendix A.7.1

about CBR-STR construction overlap applies here too.

The signal-attenuation exercise in Appendix A.3.2 implies a per-proxy critical reliability
threshold R;ﬂt: above this value, the estimated behavioral signal remains economically mean-

ingful after correcting for attenuation. Table A.18 reports the lower bounds and thresholds for
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the three proxies.

Table A.18: Reliability Lower Bounds

Proxy Reliability Lower Critical Threshold Above
Bound R Threshold?
CBR 0.86 0.58 Yes
LTG 0.64 0.53 Yes
STR 0.70 0.58 Yes

Notes: Reliability is the share of measured proxy variance attributed to common signal variation under the cross-
proxy measurement model. The critical threshold is the proxy-specific signal-attenuation cutoff above which the
behavioral signal remains economically meaningful after correcting for attenuation.

The threshold calculation is tied to the economic-magnitude criterion and the signal-
attenuation model used in the reliability exercise. It is useful because it asks a concrete ques-
tion: would the measured signal remain meaningful after allowing for reliability below one?
The lower bound is above the threshold for all three proxies under the maintained measure-

ment model.

A.7.4 Split-Sample Reliability

The split-sample evidence asks whether the belief component is present across distinct sub-
samples. It is a separate diagnostic from the cross-proxy reliability lower bound, so it is not
subject to the CBR-STR construction-overlap concern. I split the legacy sample at its midpoint
and estimate the headline news correlation and behavioral scale ratio in each half; Table A.19

reports the results.

The negative news correlation is present in both halves of the sample for all three proxies.

The early-half correlations are larger in absolute value (—0.42 to —0.45) than the late-half
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Table A.19: Split-Sample Reliability

Early Sample Late Sample
Proxy T Bscale News T Bscale News
Correlation Correlation
CBR 226 0.28 —0.42 269 0.45 —0.12
LTG 226 0.26 —0.45 269 0.40 —0.14
STR 226 0.30 —0.42 269 0.44 —0.12

Notes: Sample split at the median date of the legacy window. For each subsample, the legacy six-variable VAR is
re-estimated and the table reports Byae = Var(C(B))/Var(Ng},) and Corr(Ng])g, ¢,

correlations (—0.12 to —0.14), and the behavioral scale ratio is larger in the late half. The
pattern is consistent with the post-1990 attenuation reported in Appendix A.6.10: the negative
relation is concentrated in the earlier subsample. The headline result is not confined to one

half of the sample, however, and does not reverse sign in either half.

A.7.5 Reliability-Corrected Correlations and Projections

Reliability corrections are straightforward for correlations under the signal-attenuation model.

Suppose

CL2V&1"(CCF,t+1)
a®*Var(Cores1) + Var(ugsr)

Ci+1 = aCopes1 + U1, R =

As shown in Appendix A.3.2,

Corr(N}({}’tH, (1) = sign(a) Corr(Ng%Hl, (eres1) VR.
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Under the maintained sign convention — positive analyst optimism corresponds to a positive

cash-flow belief-bias proxy (a > 0) — the reliability-corrected correlation is

Corrobserved

VR

C Orrcorrected —
The same attenuation form holds under additive classical noise (Appendix A.3.1), so the cor-
rected correlations reported in Table A.20 apply to either model. The two models differ in their
implications for variance scale and projection coefficients, not for the correlation correction.

Table A.20: Reliability-Corrected News Correlations

Proxy Observed Reliability Anchor Corrected
Correlation Correlation
CBR —0.11 0.86 —0.12
LTG —0.11 0.64 —0.13
STR —0.10 0.70 —0.12

Notes: The corrected correlation divides the observed correlation by the square root of the reliability lower bound
from Table A.18. The correction assumes positive signal loading; the same form holds under both Model A
(additive classical noise) and Model B (signal attenuation). Bootstrap intervals for the corrected correlation are
not reported because the reliability-bootstrap procedure currently records the corrected projection coefficient;
see Appendix A.7.7.

The corrected correlations remain economically modest in absolute value but do not re-
verse sign. Allowing for reliability below one increases the negative relation slightly rather

than removing it. The projection-coefficient corrections, which depend on the measurement-

model normalization, are reported next.
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A.7.6 Model-Based Measurement Corrections

Different measurement-error models imply different corrections. I consider two benchmark

cases.

Model A: Additive Classical Noise. The observed proxy is (41 = CoFtt1 + Up1. As shown

in Appendix A.3.1, additive noise increases the measured variance of the proxy:

Var(¢) = Var((cr) + Var(u).

It can therefore inflate ;... At the same time, it attenuates correlations and projection coef-
ficients toward zero. In this model, a large measured scale ratio is not automatically conser-

vative, but a negative news correlation is harder to obtain.

Model B: Signal Attenuation or Incomplete Proxy. The observed proxy is (i1 = ale Fit1 T
ugp1 With 0 < a < 1, or it measures only one component of a broader belief wedge. In
this model, the observed proxy can understate the variance of the full behavioral object if
attenuation or incomplete coverage dominates additive noise. This is the model under which

reliability corrections can increase the implied magnitude of the behavioral component.

The empirical evidence does not select one measurement model definitively. The paper
uses the models to inform interpretation. Additive noise cautions against reading B, as a
structural share. Signal attenuation and incomplete-proxy models caution against interpreting
the measured proxy as the full belief wedge. In both cases, the sign and forecast-comovement
evidence remain central because they are not mechanically generated by proxy variance alone.

Table A.21 summarizes the implications of each measurement-error model.
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Table A.21: Measurement-Error Models and Implications

Model Effect on Scale Effect on Correlations and
Projections

Additive Classical Inflates the measured Attenuates correlations and

Noise Bgcale ratio projections toward zero

Signal Understates Bgcqle Attenuates correlations by vV R

Attenuation if attenuation dominates under loading normalization

Incomplete Captures only the observed Identifies relation with the

Proxy component of the wedge measured component only

Nonclassical Direction is ambiguous Requires robustness tests

Contamination in general rather than scalar correction

Notes: The table summarizes the implications of the measurement-error models derived in Appendix A.3. Non-
classical contamination includes price inference, residual rational-news comovement, and state-correlated proxy

error.

A.7.7 Bootstrap Uncertainty for Corrected Projections

The reliability corrections are generated objects. They inherit uncertainty from the proxy
covariance matrix, the estimated VAR, and the news-construction procedure. Table A.22 re-
ports stationary-block bootstrap intervals for the corrected projection coefficient under both
measurement models, using the cross-proxy reliability lower bound as the anchor. The point
estimates are corrected analogues of the projection of V }({1)3 on the (corrected) belief-bias in-

novation.

The corrected-projection intervals are wide and cross zero for all three proxies under
both models. This is partly mechanical: the projection coefficient is small in absolute value,
the correction divides by a number below one, and the bootstrap inherits the noise of the
underlying projection. The intervals should therefore be read as illustrating the uncertainty of

the corrected scalar, not as a separate test of the directional channel. The directional inference
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Table A.22: Bootstrap Uncertainty for Reliability-Corrected Projections

Proxy BObserved Model A (Additive) Model B (Attenuation)

CBR —0.18 —0.21 —0.16
[—1.03,0.64] [—0.77,0.48]

LTG —0.20 —0.32 —0.13
[—1.63,0.96] [—0.67,0.40]

STR —0.17 —0.24 —0.12
[—1.24, 0.80] [—0.61,0.39]

Notes: Stationary-block bootstrap point estimates and percentile intervals for the corrected projection coefficient

§°°rre°ted from regressing NV 1({1)3 on the (corrected) belief-bias innovation. Brackets below each point estimate

report the 95% percentile bootstrap confidence interval. Reliability anchor is the cross-proxy lower bound from
Table A.18. Model A divides the observed projection coefficient by R; Model B applies the signal-attenuation
correction. B = 5,000, mean block length 12 months (Appendix A.5.8).

comes from the news-correlation and forecast-comovement results in Section 1.4.

A.7.8 Interpretation

The reliability evidence supports three conclusions. First, the aligned analyst proxies con-
tain a substantial common component: the first principal component explains 74.4% of the
standardized proxy variance, and the cross-proxy reliability lower bound is well above the
proxy-specific signal-attenuation threshold for all three proxies. Second, the negative news
correlation is present in both halves of the legacy sample, although it is larger in absolute
value in the early half. Third, correcting the news correlation for the cross-proxy reliability
lower bound increases the magnitude of the negative relation slightly rather than eliminating
it.

These diagnostics do not prove that analyst revisions equal marginal-investor beliefs, and

the cross-proxy bound is partly anchored by construction overlap between CBR and STR. The
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split-sample evidence is the natural cross-check on that concern. Combined with the price-
inference, adversarial-residual, and cross-sectional exercises, the reliability diagnostics sup-

port the interpretation that the measured belief-bias news is not merely idiosyncratic analyst

noise.
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A.8 Robustness and Adversarial Exercises

This appendix reports the robustness and adversarial exercises behind Section 1.6. The exer-
cises address three concerns. First, analyst revisions may mechanically incorporate informa-
tion from prices. Second, omitted rational risk premium news may dilute the relation between
measured belief-bias news and risk premium news. Third, a residual component deliberately
aligned with the behavioral cash-flow news proxy may offset the baseline relation. The ap-
pendix also reports a calibration of the partial-arbitrage loading and the algebraic identity

linking the matrix wedge to the projection coefficient and behavioral scale.

A.8.1 Price-Inference Robustness

A concern with analyst-based behavioral cash-flow news proxies is that analysts may infer
information from prices. If analyst revisions mechanically incorporate contemporaneous val-
uation information, the measured belief-bias relation could partly reflect information already
contained in the price-dividend ratio. I study this channel by removing the component of the

analyst revision that is linearly related to the contemporaneous price-dividend ratio.

For each proxy j, let Vﬁ}rl be the baseline aligned analyst revision. Let ﬁﬁ f = a; +

gj pd; denote the fitted component from the projection of V](-fll on the contemporaneous price-

dividend ratio. For ¢ € [0, 1], define the price-residualized proxy
B¢ B ~pd
VJ(',tH) = VJ('775~)H - gb”ﬁﬂrl' (A.24)
The case ¢ = 0 is the baseline. The case ¢ = 1 removes the full contemporaneous price-
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dividend projection. For each value of ¢, I reconstruct the VAR news objects, the belief-bias

news proxy, and the main sign, scale, and slope statistics.

Table A.23 reports the sweep at ¢ € {0,0.25,0.50,0.75,1.0} for all three proxies. For
CBR, moving from ¢ = 0 to ¢ = 1 changes B from 0.342 to 0.341, the news correlation
from —0.107 to —0.106, and the slope-test bootstrap p-value from 0.666 to 0.693. The result is
essentially flat across the full ¢p-sweep. LTG and STR show the same pattern.

Table A.23: Price-Inference Robustness Sweep

Proxy 10} Bscale News Wobs Slope pPpoot
Correlation
CBR 0.00 0.34 —0.11 8.92 0.67
CBR 0.25 0.34 —0.11 8.76 0.67
CBR 0.50 0.34 —0.11 8.61 0.68
CBR 0.75 0.34 —0.11 8.46 0.69
CBR 1.00 0.34 —0.11 8.32 0.69
LTG 0.00 0.28 —0.11 15.76 0.34
LTG 0.25 0.28 —0.11 15.66 0.35
LTG 0.50 0.28 —0.11 15.56 0.35
LTG 0.75 0.28 —0.11 15.46 0.35
LTG 1.00 0.28 —0.11 15.36 0.36
STR 0.00 0.34 —0.10 9.03 0.68
STR 0.25 0.34 —0.10 8.96 0.68
STR 0.50 0.34 —0.10 8.88 0.69
STR 0.75 0.34 —0.10 8.80 0.69
STR 1.00 0.34 —0.10 8.73 0.69

Notes: Sweep over the price-inference residualization parameter ¢ in equation (A.24). ¢ = 0 is the baseline
proxy; ¢ = 1 removes the full contemporaneous price-dividend projection from the analyst-revision proxy before
reconstructing belief-bias news and test statistics. Bootstrap p-values use B = 2,000 at each ¢.

The exercise does not rule out every form of price-related information in analyst forecasts.

It rules out a specific direct channel: the baseline relation is not driven by the contemporaneous

price-dividend component of the analyst-revision proxy.
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A.8.2 Orthogonal Residual Dilution

This subsection studies how much generic residual rational news would be needed to dilute

the baseline news correlation. Let N, = Ng})%tﬂ, Ziq = Ct(fl), and ¢ = Corr(N;41, Z41)- In

the baseline estimates, ¢ < (. Consider an adversarial residual component that is orthogonal

to the measured belief-bias innovation and the VAR innovation vector:
Nfi‘i = Niy1 + KWy,

where E(w;y1) = 0, Var(w;;1) = 1, and Cov(wyy1, Zi+1) = 0. Then

C

Corr(NMY, Ziyy) = (A.25)

where 03 = Var(N;,).

To halve the absolute correlation, equation (A.25) requires /1 + k2/ 012\, = 2,50

= V3 ~ 1.732.

This result is proxy-independent because it is a relative attenuation calculation. To drive the

absolute correlation below a fixed threshold 7 > 0, the required residual volatility is

* 2
L G B S
oN T )
Using 7 = 0.025, the required residual volatility is about four times the volatility of measured

risk premium news. Table A.24 reports the absolute-threshold ratios with stationary-block
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bootstrap intervals.

Table A.24: Orthogonal Residual Dilution

Proxy Baseline || Halving x* /on le] < 0.025: k*/on
CBR 0.11 1.73 4.15

[0.90, 21.26]
LTG 0.11 1.73 4.16

[0.89, 22.32]
STR 0.10 1.73 3.86

[0.84, 21.00]

Notes: The adversarial residual is orthogonal to measured belief-bias news. The third column reports the residual
volatility required to halve the absolute correlation (proxy-independent). The fourth column reports the residual
volatility required to push the absolute correlation below 7 = 0.025. Confidence intervals are stationary-block
bootstrap percentile intervals (B = 5,000, mean block length 12 months).

The CI ranges are wide. The lower-end values (~ 0.9) imply that under benign sampling
realizations, an orthogonal residual only modestly larger than Nzp would be enough to push
the correlation below 0.025. The point estimate of about four times the volatility is therefore a
central tendency, not a precisely estimated bound. Generic orthogonal-residual news cannot

easily erase the baseline relation in the point estimates, but the empirical robustness margin

should be interpreted as a sensitivity range, not a sharp threshold.

A.8.3 Targeted Residual Adversary

The orthogonal dilution exercise is intentionally generic. A harder alternative allows omitted
residual news to be deliberately aligned with the measured belief-bias innovation. This is the

structured alternative most difficult to rule out.

Let the adversarial residual be A;,, with variance budget ¢ = Var(A;,1)/Var(Ny 1),

and let s = Corr(Ayy1, Z;11) measure its alignment with the belief-bias innovation. The
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adversarial risk premium news object is NX = N;1 + A; 1. Its covariance with Z,; is
adv
Cov(N{, Ziy1) = conoz + 5/qonoz,

which is zero when ¢ + s,/q = 0. For an adversary with sign chosen to offset the baseline

relation, the required variance budget is

Grero(8) = (H> : (A.26)

The maximally targeted case sets s = 1, giving ¢}.,, = ¢*. Table A.25 reports the maximally
targeted budgets with bootstrap intervals.

Table A.25: Targeted Residual Adversary

Proxy Baseline Correlation Gpoyo (s =1)
CBR —0.11 0.01
[0.00, 0.28]
LTG —0.11 0.01
[0.00, 0.31]
STR —0.10 0.01
[0.00, 0.27]

Notes: Variance budget required for a maximally targeted adversarial residual to drive the covariance between
risk premium news and measured belief-bias news to zero. The adversary is deliberately aligned with the belief-
bias proxy (s = 1). The wide CIs reinforce that this is a sensitivity bound, not a precisely identified threshold.
The point estimate — about 1% of Var(/Ngp) — gives the boundary of the empirical de-
sign. The baseline relation is robust to generic orthogonal dilution, but a residual rational-
news component specifically aligned with the behavioral cash-flow news proxy is the hardest

structured alternative to rule out. The bootstrap intervals are wide because the underlying

covariance between Npp and ((?) is small in absolute value.
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A.8.4 Adversarial Frontier

The orthogonal and targeted exercises are endpoints. The adversarial frontier interpolates by
allowing the omitted residual to have correlation s € (0, 1] with the belief-bias innovation.

Equation (A.26) gives the variance budget required to eliminate the covariance:

i) = (Y

As s rises, the required residual variance falls quickly. Table A.26 reports the frontier across
alignments s € {0.25,0.50,0.75,1.00}. This is the central lesson of the frontier: the empirical
relation is difficult to erase with unrelated residual news, but much easier to erase with a
residual deliberately aligned against the measured behavioral cash-flow news proxy.

Table A.26: Adversarial Frontier

Proxy s =0.25 s =0.50 s =0.75 s =1.00
CBR 0.18 0.05 0.02 0.01
LTG 0.18 0.05 0.02 0.01
STR 0.16 0.04 0.02 0.01

Notes: The table reports ¢,,(s) = (|c|/s)?, the variance budget needed to drive the covariance between risk
premium news and measured belief-bias news to zero, as a function of the residual’s alignment s = Corr(4, Z).
Values are computed in closed form from the baseline news correlations || in Table 1.3.

The frontier is not a robustness test in the usual sense. It is a sensitivity analysis. It identi-
fies what kind of omitted residual risk premium news component would overturn the baseline

relation: a small, deliberately belief-aligned component would suffice; a generic orthogonal

one would not.
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A.8.5 Structural )\ Calibration

The partial-arbitrage model in Appendix A.1.4 implies

AT _ *,T
NRP,t+1 - NRP,t+1 — ACoFit-

If residual rational risk premium news is orthogonal to the belief-bias innovation, then the

projection of Ngl); on (¢ identifies —A:

Cov(NS), Cor)

Var(Cer) A

The empirical analogue uses (‘%) Let B\j = @(Ng])g, C](B))/\//'-a\r(CJ(B)). The calibrated load-
ing is /):j = —B\j. Equivalently, using the news correlation ¢; and behavioral scale B; =

Var(¢j™)/ Var(Nyp),

Table A.27 reports the calibrated values for each proxy.

Table A.27: Partial-Arbitrage Loading Calibration

~

Proxy News Correlation Bscale A
CBR —0.11 0.34 0.18
[—0.55, 0.89]
LTG —0.11 0.28 0.20
[—0.62, 1.04]
STR —0.10 0.34 0.17
[—0.56, 0.87]
Notes: The calibrated loading uses Xj = —c¢;/+/B;. The calculation assumes that residual rational risk premium

news is orthogonal to measured belief-bias news. Bootstrap point estimates and percentile intervals use B =
5,000 stationary-block draws (Appendix A.5.8).
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The point estimates are around 0.17-0.20. I interpret them as calibration evidence, not
as precise structural estimates. The identification of A requires the orthogonality condition
Cov(Njp,(or) = 0, and the empirical proxy (&) is measured with error. The bootstrap
intervals span zero in all three cases. The main evidence for the belief-driven component
therefore comes from the joint sign, scale, forecast, robustness, and cross-sectional results,

not from a standalone structural estimate of .

A.8.6 Algebraic Identity for the Matrix Wedge

This subsection derives the algebraic identity linking the matrix-wedge variance ratio, the

projection coefficient, and behavioral scale. Let N = N }({P),, Z = (B) and W = N + Z. Define

Var(Z)
Var(N)’

Cov(N, Z)

B = T(Z)'

B =

Then

Var(W) ] Var(Z) Cov(N, Z)

Var(N) N Var(N) Var(N)

=1+ B + 28B

— 1 + B(1+2p).

This is purely algebraic. It expresses the matrix-wedge variance ratio as a function of two ob-
served second moments: the behavioral scale B and the projection coefficient 5. Once B and
are fixed, the wedge ratio is mechanically determined; it is not an independent overidentifying

moment in the standard innovation-space construction.
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The same expression can be rewritten in terms of the partial-arbitrage loading. Using A =
— 3, which is the structural calibration in Appendix A.8.5 under the orthogonality assumption

Cov(Nip, Con) = 0,
Var(W)
— =1 B(1—2\). A27
V() = 1+ B2 (A.27)
Equation (A.27) is not purely algebraic: it imposes the structural identification of A from the

projection coefficient. The two identities are numerically equivalent on the data but should be

read differently - the 3 form is a definitional rearrangement; the A form is an interpretation.

Table A.28 verifies the algebraic identity numerically.

Table A.28: Matrix-Wedge Identity Check

Proxy B A 1+ B(1—2)\) Observed Wedge Ratio
CBR 0.34 0.18 1.22 1.22
LTG 0.28 0.20 1.17 1.17
STR 0.34 0.17 1.22 1.22

Notes: The table verifies the algebraic link between behavioral scale, the projection-implied loading, and the
matrix-wedge variance ratio. Predicted values use equation (A.27); observed values from Table 1.5. The agree-
ment is exact up to rounding.

Genuine overidentification therefore requires additional restrictions not mechanically
pinned down by the same two moments. Examples include forecast-space restrictions (Ap-

pendix A.2.2), direct horizon restrictions (Appendix A.2.6), external proxy variation, or cross-

sectional exposure tests (Section 1.7).

State-vector and lag-order robustness checks complementing this appendix’s residual-
news exercises are reported in Appendix A.6.8; HAC bandwidth sensitivity is in Appendix A.6.9.

The exercises in this appendix focus on price-inference and residual-news alternatives.
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A.9 Cross-Sectional Evidence

This appendix reports the cross-sectional evidence behind Section 1.7. The appendix has three
goals. First, it documents the FF25 portfolio-exposure design used in Section 1.7.1. Second, it
explains why the main analysis does not use fully portfolio-level analyst behavioral cash-flow
news proxies. Third, it reports the level-vs.-reallocation decomposition behind Section 1.7.2.
The cross-sectional results are used as breadth and mechanism evidence. They are not the

paper’s main identification design.

A.9.1 FF25 Portfolio Exposure Design

The FF25 exercise asks whether portfolio-level risk premium news is exposed to the same
aggregate belief-bias news series studied in the market-level tests. For each Fama-French size-
by-book-to-market portfolio p, I replace the market excess return in the baseline forecasting

system with the portfolio excess return and re-estimate the VAR:
B B /
Tpt = [m:p,t, rfi, I/t( ), bg ), pdy, tst] . (A.28)

The remaining state variables are aggregate. Thus portfolio-level risk premium news varies
across FF25 cells, while the analyst-revision proxy, belief-level control, market price-dividend

ratio, and term spread remain at the market level.

For each portfolio p, I construct portfolio-level risk premium news N g]l’m 4 from the

portfolio-specific VAR. The belief-bias news series Ct(fl) remains the aggregate market-level
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series. The reported correlation is therefore
(r) (B)
Corr (NPrP,p,tJrl’ Ct+1> :

The FF25 analysis is therefore a portfolio-exposure exercise, not a fully portfolio-specific belief
decomposition. It asks which portfolio return-news objects comove with aggregate belief-bias

news.

A.9.2 FF25 News-Correlation Heatmap and Table

Figure 1.2 in the main text reports the FF25 heatmap for the baseline (CBR) proxy. Table A.29
reports the corresponding cell values. Rows are size quintiles, from small (Size 1) to large

(Size 5). Columns are book-to-market quintiles, from growth (BM1) to value (BM5).

Table A.29: FF25 Portfolio Exposure: News Correlations

BM1 BM2 BM3 BM4 BM5
Size 1 —0.27 —0.02 —0.13 —0.20 —0.50
Size 2 —0.34 —0.08 —0.34 —0.30 —0.34
Size 3 —0.39 —0.09 —0.14 —0.28 —0.36
Size 4 —0.09 +0.01 +0.01 +0.08 —0.08
Size 5 —0.34 +0.10 +0.24 +0.38 —0.28

Notes: The table reports Corr(N gl)p’p, ¢(P)) across the 25 Fama-French size-by-book-to-market portfolios for
the CBR proxy. For each cell, the VAR replaces the market excess return with the portfolio excess return while
keeping the remaining state variables aggregate, as in equation (A.28). Negative values indicate the sign predicted

by the belief-driven risk premium news channel.

The predicted negative sign appears in 19 of the 25 portfolios. The six positive cells are

concentrated in size 4-5 and book-to-market 2-4, consistent with the body’s characterization
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that the positive cells lie in the largest two size quintiles and the middle three book-to-market
quintiles. The pattern is therefore broad but not uniform: aggregate belief-bias news is related
to risk premium news across many portfolio return-news objects, not only in the aggregate

market return.

A.9.3 FF25 Slope Tests

For each FF25 portfolio, I also test the 1-step slope restriction using the portfolio-specific return
row and the aggregate analyst-revision row. The test is the portfolio analogue of the market-
level restriction ejI' = e4I', where e; selects the portfolio excess return and e3 selects the

aggregate behavioral cash-flow news proxy. Table A.30 reports null-imposed bootstrap p-

values.
Table A.30: FF25 Portfolio Exposure: Slope-Test Bootstrap p-Values

BM1 BM2 BM3 BM4 BM5
Size 1 0.47 0.75 0.62 0.66 0.51
Size 2 0.69 0.73 0.41 0.53 0.57
Size 3 0.64 0.76 0.64 0.56 0.67
Size 4 0.85 0.70 0.76 0.90 0.73
Size 5 0.52 0.63 0.79 0.87 0.76

Notes: The table reports null-imposed bootstrap p-values for the 1-step slope restriction in each FF25 portfolio
VAR, with B = 500 stationary-block draws (lower than the headline B = 5,000 to keep wall time manageable
across 25 portfolio-specific systems). None of the 25 portfolio-level tests rejects under the bootstrap at con-
ventional levels. Portfolio-level tests are interpreted as breadth evidence: the cross-section does not display a

systematic pattern of slope rejections that would contradict the aggregate evidence.

None of the 25 portfolio-level slope tests rejects under the bootstrap. Portfolio-level tests

are naturally noisier than the market-level tests, so this result should not be read as proof of
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exact equality in every cell. Its value is that the portfolio exercise does not produce a broad

pattern of rejections against the aggregate time-series evidence.

A.9.4 Portfolio-Level Behavioral Cash-Flow News Coverage

A ftully portfolio-specific belief decomposition would require constructing portfolio-level an-
alyst behavioral cash-flow news proxies Vﬁ), ﬁ), and Cﬁ) within each FF25 cell. I do not
use that design in the main analysis because analyst coverage is too sparse in many cells. Ta-
ble A.31 reports the median number of IBES-covered firms per cell per month for the CBR

proxy. LTG and STR show the same coverage pattern.

Table A.31: Median IBES Coverage by FF25 Cell

BM1 BM2 BM3 BM4 BM5
Size 1 1 1 1 1 1
Size 2 1 2 3 2 2
Size 3 4 5 5 6 4
Size 4 31 30 21 17 12
Size 5 101 61 43 37 22

Notes: Median number of IBES-covered firms per FF25 cell per month for the CBR proxy. Size 1 is the smallest
size quintile; Size 5 is the largest. BM1 is the lowest book-to-market quintile; BM5 is the highest. Only 10 of
25 cells have median coverage of at least 10 firms; 12 cells have median coverage of two firms or fewer. Fully
portfolio-level behavioral cash-flow news proxies in those sparse cells would be dominated by individual-firm
noise.

The coverage diagnostic explains the design choice in Section 1.7.1. The FF25 exercise
keeps belief-bias news aggregate and varies the return-news object across portfolios. This

preserves the aggregate belief object studied in the main paper while showing whether the

relation is broad across portfolio return-news components.
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A.9.5 Sorting Evidence

The sorting evidence asks whether the belief-news relation is stronger in portfolios where
belief measurement or belief heterogeneity should be more salient. For each sort variable, I
form size-tercile portfolios and re-estimate the legacy six-variable VAR with the tercile excess
return in place of the market excess return. Table A.32 reports the news correlation in each
tercile. Table A.33 reports the high-minus-low spreads for the LTG and analyst-coverage sorts,
with bootstrap intervals.

Table A.32: Sorting Evidence: News Correlations by Tercile

Sort Variable Low (17) Middle (75) High (73)
Size —0.30 —0.01 —0.14
LTG Exposure +0.21 +-0.00 —0.29
Analyst Coverage +0.09 —0.16 —0.26
Earnings—Price —0.18 —0.22 +0.32

Notes: The table reports Corr(N }({12’ e (B)) within each tercile portfolio for four sort variables. The LTG and
coverage sorts are designed so that high-tercile portfolios are where belief heterogeneity or measurement should
be most salient. The earnings—price sort is included as an additional cross-section split.

The sorting results are used as mechanism evidence, not as a separate source of identifi-
cation. Their role is to show that the cross-sectional patterns point in the expected direction

while acknowledging that portfolio-level estimates are noisy.

A.9.6 Level vs. Reallocation Decomposition

This subsection reports the decomposition of the aggregate analyst-revision proxy into com-

mon level movement and size-weighted reallocation across firms. Let 1/1-(7?) denote the firm-
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Table A.33: Sorting Evidence: High-minus-Low Spreads

Sort Variable High-Low Spread DPhoot

LTG Exposure —0.50 0.34
[—0.54,0.22]

Analyst Coverage —0.35 0.88
[—0.35, 0.37]

Notes: Spreads in the news correlation between the high-tercile and low-tercile portfolios. Negative values in-
dicate a stronger negative belief-news relation in the high tercile, the predicted direction. Brackets below each
point estimate report the 95% stationary-block bootstrap confidence interval. Bootstrap p-values are two-sided
and use B = 1,000 stationary-block draws. The large p-values reinforce that sorting evidence is directional
mechanism evidence, not a separate sharp test. Bootstrap spread inference is reported only for sorts where it

was run; the size and earnings—price sorts in Table A.32 have tercile-level correlations only.

level aligned revision for firm ¢, and let w; ; denote the lagged market-value weight used in

aggregation. The value-weighted aggregate revision is
yt(B) = Z Wy VZ-(f).
1€1y
Let N; = |Z;| and define the equal-weighted level component
LEVEL, = — S
Nt ' 7,0
1€1t
The size-weighted reallocation component is
1 B
CSCOV, = ; (wm - E) v,

Then

P = LEVEL, + CSCOV,.
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Because ) ., w;; = land ) . - 1/N; = 1, the two components partition the value-weighted

1€1t €1t
aggregate revision exactly. The first term captures common movement in firm-level belief
revisions; the second captures whether revisions are concentrated among firms with high

market weights.

For each proxy j, the marginal correlation of each component with risk premium news
answers a different question than the covariance share. A component can have a smaller cor-
relation but much larger variance, and therefore contribute more to the aggregate covariance.

The covariance share of component £ € {LEVEL, CSCOV} is

Cov(kje Nighy)
B r ’
COV(VJ(;t ) ) NJS%I)D,t)

Wik =

Because V](-B) = LEVEL; + CSCOV}, the two shares sum to one up to rounding. Table A.34
reports both objects: the marginal correlations with Newey-West ¢-statistics in parentheses,

and the covariance shares.

Table A.34: Level and Reallocation: Correlations and Covariance Contributions

Correlation with N g });. Covariance Share (%)
Proxy LEVEL CSCOV LEVEL CSCOoV
CBR —0.05 —0.11 54.50 45.50
(—0.80) (—1.99)
LTG —0.07 —0.02 97.86 2.14
(—1.28) (—0.52)
STR —0.02 —0.11 30.23 69.77
(—0.33) (—2.00)

Notes: The table decomposes the market-level analyst revision into an equal-weighted level component, LEVEL,
and a size-weighted reallocation component, CSCOV. The first block reports the correlation of each component
with rational risk premium news N 1({])3, with Newey—-West ¢-statistics in parentheses below each point estimate.
The second block reports each component’s contribution to the aggregate covariance between v(5) and N g },

(not variance shares).
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The marginal correlations show that the reallocation component is more strongly neg-
atively related to risk premium news for CBR and STR, while the level component is more
relevant for LTG. The covariance contributions show that the mechanism differs across prox-
ies. For LTG, the aggregate relation is almost entirely a common level effect (97.86%). For STR,
the relation is primarily a size-weighted reallocation effect (69.77%). CBR lies between these
cases: the reallocation component has the stronger marginal correlation with risk premium

news, but the covariance contribution is roughly split.

A.9.7 Additional Cross-Sectional Mechanism Checks

The main cross-sectional exercises are the FF25 portfolio-exposure design, the sorting evi-
dence, and the level-vs.-reallocation decomposition. Additional mechanism checks — alterna-
tive sorts, large-cap-only FF25 specifications, or restricted portfolio-level belief decomposi-
tions in the small set of cells with adequate analyst coverage — are exploratory only. Given the
coverage diagnostic in Appendix A.9.4, fully portfolio-level belief decompositions should be
interpreted cautiously: they are useful only in cells with adequate coverage. The main cross-
sectional evidence in the paper therefore uses the aggregate belief-bias news series and asks

whether it is reflected across many portfolio return-news objects.
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Appendix B

Appendix to Chapter 2

B.1 Proofs

B.1.1 Proposition 1

We first characterize expectations, experience, and priming effects generally. We then connect

them and prove the result using Assumptions 1, 2, and 3.

Characterization of Experience and Priming Effects. Expectation E(7 |wr, ) obeys:

T""’T? Z]E T‘qu7 “We,T,
éckE

E(7 | gz, m) Zre ger,m) - op(e) forall gz .
ecE

The experience effect of e, is the change in belief caused by increasing the frequency of

ep from n., = 0 in the baseline to n., = 1, where p is f or h, not both. Let n,, be the database
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containing e,. Recall of different experiences changes by:

S(ep, ger)
S(ep der) + Lege, S(€rger) - e’

Tep(Qé,T, np) - Tep(CIé,T, n) = Tep(Qé,% np) =

Te(qers Mp) — re(qer, ) = —7e, (e M) - Te(ger; M).

The experience effect of e, is then equal to:

E(T|wr,ny) = E(1|wr,n) =1, (wp,ny,) - or(ep,)

T Z Z [r€<qévT’ np) - 7ae(qé,Ta n)] cWerT - O'T<€)7

eF#ep ECE
=Te,p (wr,ny) - o7(ey)

- Z Zrep(Qé,Ta np) Te(ger, M) - wer - or(e),

eFep EEE
= 1, (Wr, 1) [or(ep) — E(T |wr, m)]

— Z [7e, Gz, Mp) — e, (wr, )] - B(T | gzr, 1) - wer
ek

(B.1)

The first key term, r., (wr,ny,) [o7(e,) — E(T |wr, n)], shows that the experience effect in-
creases in the difference between simulation based on e, and the baseline belief. The second
term captures a covariance-like adjustment between recall of ¢, and the baseline belief across
cues ¢z 7; its magnitude is characterized by the analytical solution under Assumptions 1-3

below.
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Another way to write (B.1), which we exploit in the text, is:

Tep(Qé,T, np) s We,T

E —-EKE = Te 3 - ‘K e, T )
(rlwroy)—B(r o ) = o on ) | on(e) = 3 SRS B m)
where the second term in square brackets is precisely o7 (e) -
Consider next the effect of priming e,. It is equal to:
E(7|1,m,) = E(r|wr,ny) =Y [re(@e,r ) — re(wr,m,)] - or(e), (B.2)

e
so the database is always mn,,, only the cue changes.

Linking Experience and Priming Effects. To link (B.1) to (B.2), we approximate the effect of
changing the cue as a change in similarity around a neutral cue g that is representative of the
distribution wr, so ¢, = ¢y and v, = 0 due to the large number of neutral experiences in the
database.! Changing the similarity of each experience e € E from S(e, q) to S(e, gz ) affects

recall of e according to:

dS(e,.) ne S(e,q)ne > . 0S(€,.) ne|

re(ger,n) — re(wr,n) ~ S Sl gy 5 S q) no
_95(e) re(wr,m) — re(wp,n 95(d,.) re (W1, T
= S(e,Q) e( T ) e( T, ) — S(e’,q) e( T )
=r.(wp,n M —re(wrp,n)) — M?ﬂ wr,n
= e( T, ) S(e,q) (1 6( T )) e/z:#e S(e’,q) 6( T ) )

where 0S5(e, .) is the change in similarity and we approximate r.(q, n) with r.(wr, n).

! Formally, the cue can be set to minimize the average discrepancy between recall under g and the baseline
distribution wr, mingeg Y, |re(q, n) — (W7, 1)|ne, or between beliefs under g and the baseline belief d7. If
neutral experiences are sufficiently numerous, the cue q is then neutral.
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Using this expression in (B.2) we obtain the priming effect:

E(7|1,m,) — E(r|wr,n,) & ) re(wr, n,) {%(1 —r(wr,my)) - op(e)
NOS(E) e
= S(e’,q) 6( T, p) T( )]
" 95(,q)

- eckE S(e, q) re(wT’ np) [UT(e) - E(T | o np)] ’

where the second step follows from swapping the order of summation. The priming effect
is a sum of “experience effect” terms [or(e) — E(7 |wr, n,)] for all experiences whose sim-
ilarity and hence recall increases with the cue 0S(e,q) > 0. This includes the primed ex-
perience: cueing e, increases the belief if or(e,) — E(7 |wr,n,) > 0. Priming e,, how-
ever, also spills over to other experiences e # e,, boosting simulation and beliefs provided
or(e) — E(7 |wr,n,) > 0. This explains why a positive experience effect implies a posi-
tive priming effect: because if the experience effect is positive, or(e,) — E(7 |wr,n,) > 0,
then cueing e, boosts beliefs both directly and through spillovers to similar, and hence also

simulating, experiences.

Analytical Solution Using Assumptions 1, 2, and 3. First, some notation. We denote a generic
non-neutral experience by its context ¢ and denote the adverse variety of the context by ¢_
and the positive variety by ¢,. The number of experiences with this context is n; and it is
shared equally, by symmetry, into n;z/2 positive and n;/2 negative experiences. We denote by
v; > 0 the average valence of positive experiences and by v_ the one of negative ones, where
symmetry again implies v_ = —v,. We denote by ¢z, v and ¢;_ 7 a positive- and negative-
valence cue in the same context, whose probabilities, by symmetry, obey wz, 7 = ws_ 7. We

denote by () the set of neutral experiences, V, and V_ the sets of positive- and negative-valence
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ones, where E = ) UV, UV_. N is the total number of experiences.

As a first step, we compute the average belief for specific cues g; 7. For neutral cues, we

have:

E(7|ger,m) = o1 + Z re(ger,m) - or(ce) - ve

ecl
Te _
= 0r + Z o or(c)-v=20r forg:r € 0. (B.3)
ceV i uVv_

The first step follows from the simulation function, the second step from all experiences being
equally similar to a neutral cue, so recall is frequentist, and the last from the database, from the

independence assumption between context and valence and from valence symmetry, v = 0.

Consider now a non-neutral positive-valence cue, ¢ € V,. Let n_y be the number of

non-neutral experiences and n_; that of those with context different from €. Then:

]E(T | Qé,Ta n) = 5T + Z Te(q&,Tu n) : UT<Ce) * Ve

eclk
K n_g - or(c—y)
=ty er € V.
T3 ne-(L—K/2)+n_z-(1—3K/2)+ (1—2K)ny + 7T <V
(B.4)

where o (c_g) is the average (frequency-weighted) simulation sensitivity of experiences with
non-neutral context, including the cued one ¢. For a negative cue ¢: € V_, an analogous

expression holds, with the opposite sign in the second term. Averaged across cues, we obtain:

E(r |wr,n) = 6 + vy -

K
5 (wir- By —w.r-B.),

where w,r is the aggregate probability of positive cues, B, is proportional to the average
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simulation coefficient across them; w_; and B_ are the corresponding quantities for negative

cues. Symmetry of cues implies E(7 | wr, 1) = 7. The average belief is at the neutral default.
Experience Effect. Adding adversity ¢, = ¢, (with negative valence —v, ) to the database n

affects beliefs in (B.3) and (B.4) as a function of its similarity with cues €. For a neutral cue:

UT(CP)

N+1

E(7|ger,mp) = o7 — vy forgsr € 0.

Adding adversity e, breaks the symmetry of the database, moving the average belief due to
e, s negative valence. The average effect is positive if the target outcome is also an adversity,
or(c,) < 0, and negative otherwise. For a neutral cue, retrieval is frequentist and so the aver-
age effect is scaled by the new number of experiences NV + 1. For the analytical solution below,
we treat the added experience ¢, as a singleton context absent from the baseline database, so

ne, = 0 and hence n_., = n_gy. For a non-neutral cue:

- orley) + s (K/2) .m Uy fore =e,_
1+ (1—-3K/2)-n_g+(1—-2K)-ng P
7(17K)00T(Cp)+n_m.(K/2) .m v fore =e
E(7 | gz, mp) = 61 + (B si /o (20 e ; "
K+ ((11—_ 15)2)02(? (+1 T—L??K(/[Q()/(?J—Tgc)_f(1 TRy U PrEEV-Ae-
(1-2K) +Z1( 1—_1(2/[;))02(61) (JI Tz’?f.((/é()/(i),;?gc)iﬁ)(1 “oK)ng foré e Vi \ep,.

(B.5)

When adversity e, is added to the database, similarity to any cue moves in the same

direction, determined by the sign of o7 (c,). Averaging over cues, beliefs are:

E(T ’ wr, np) = (ST - Zep : UT(Cep) “Ug Tt W—@ : UT(C—@) * Uy, (Bé)
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where both Z. and W_ are positive, the latter because adding e, to the database creates re-
call interference on other non-neutral experiences. Such interference is stronger for negative-
valence ones. Formally, the denominators on the first and third rows are larger than those
on the second and fourth rows, respectively. Given that positive and negative cues have the
same probability, the effect across cues of non-neutral experiences different from e, is skewed

toward positive valence, which, starting from a zero baseline, implies W_g > 0.

Consider now experience effects. Because our target outcomes 7', inflation and home
prices, are adversities, we have op(c) < 0 for all contexts, including or(c,) < 0. A positive
experience effect occurs if E(7 | wy,n,) — E(7 |wy,n) > 0, namely (B.6) should be larger

than (B.3), which corresponds to:

or(e,) < W‘@+’(C‘@) (B.7)

€p

The right-hand side of (B.7) is strictly negative because c_y contains DS experiences with
strong simulation potential. Thus, a positive experience effect reveals o7 (c.,) < 0. Adversity
e, must be close enough in context to the target 7' that it comes to mind spontaneously and

boosts simulation to an extent that offsets the interference it creates for other adversities.

Priming Effects. A positive priming effect occurs when

E(T | er,,Ty np) > E(T | wr, np)a
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which using (B.5) and (B.6) is equivalent to:

or(cp) N n_g- (K/2)-or(c_p)
14+ (1-3K/2) -ng+(1—-2K)-ng 1+ (1—-3K/2) -n_g+(1—2K)-ny

< Ze, - or(cp) vy — Weg - op(c_g)

which reads:

1
[1+ (1-3K/2)-n_g+(1-2K) ng
J{ n_g - (K/2)
14+ (1 —-3K/2) -n_p+ (1 —2K) -ny

- zep} or(cy)

+ W_@} ~or(c_g) <O0.

Given that the second term is negative (the term in brackets is positive due to W_y > 0), the
condition is surely met if the first term in square brackets is also positive, because a positive

experience effect implies or(c,) < 0 via (B.7).

The first term in square brackets is positive when e, (ge,_ 7, 1p) > 7e,_(Wr, M) = Ze,.
This follows directly when ngy is sufficiently large: the denominator of recall is dominated
by neutral experiences and varies little across cues, while S(e,—, g.,_ ) is maximal. Hence

cueing e, raises recall of e,_ relative to its average recall under wy.
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B.1.2 Prediction 1

We can decompose the effect of change in the database from 1 to n,, and of the cue from wp

to 1, as the sum of an experience and priming effect:

E(T|wr + Aw,n+ An) = E(7|wr,n) + Y [E(T|wr,n,) — E(r|wr,n)] -1
p=h,f

+ 3 [E(r|1,m,) — B(r |wr,m,)] - L, - L, g
p=h,f

€p

where 1., is an indicator equal to 1 if the person has had experience e, and zero otherwise,
and 1., r is an indicator equal to 1 if the person had the priming intervention concentrating
the cue in experience e,. The intervention is said to occur (treatment on treated) if the subject

is in the treatment group, 1., r = 1, and if she had the primed experience, 1., = 1.

We characterized experience and priming effects in Proposition 1, which yields property
(i), namely €., > 0 = ., r > 0. For property (ii), note that the sum of experience and priming
effects equals E(7 | 1,,n,) — E(7 | wr, n). The baseline term E(7 | wy, n) does not depend on
or(ep). Under our assumptions, higher similarity between e, and the target outcome 7" affects

E(7|1,,n,) only through a higher simulation function or(e,), giving:

aE (7_ ’ QEP,Ta np)
dor(ep)

=T, (qu,T? np) > 0.

272



B.1.3 Prediction 2

We again consider beliefs E(7 |wr,n) = Y .. p E(7 | g1, 1) - wer by linearizing them as a
function of the contextual similarity between each experience e and the target outcome 7. We
write S(e, T') as shorthand for this contextual similarity between experience e and the target
state in task 7', holding valence fixed. Under our assumptions, a higher value of such similarity

affects beliefs through simulation, in particular:

dor(ce
OE(T |wr,ny) = re(wp, 1) - v - #},T)) -0S(e, T),

where dor(c.)/0S(e,T) < 0 when the target is an adversity. Higher similarity therefore
raises beliefs for negative-valence experiences (v, < 0, producing more pessimism) and lowers
them for positive-valence ones (v, > 0). This implies that we can approximate beliefs as a

function of similarities as follows:
E(7|wr,n,) & Eo(r|wr,ny) — A re(wr,my) - ve - 05(e, T),

where Eo (7 | wr, n,) is the belief when all experiences have minimum similarity (i.e., the cue

dor(ce)

isneutral) and A = — 95(e,T)

> 0 is the magnitude of the slope of simulation at such
S(e, T)=5o
minimum similarity point. The belief is thus an average similarity of experiences weighted by

their valence. Focusing on the adversities we measure, and assuming for simplicity that these

adversities all have valence equal to —v,, we have:

E(7 |wr,m,) ~ Bo(7|wr,my) — A+ P+ Avy Y re(wr,m,) - 05(e, T),
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where —A - P < 0 is the effect of unobserved positive experiences. In our regression, the
average similarity of our measured adversities proxies for the right-most term, ) _r.(wz, n,)-
0S(e,T). This is exact under equal recall weights across measured adversities; otherwise, it
should be interpreted as a reduced-form proxy for the recall-weighted theoretical object. The

same logic gives the similarity-based approximation for the priming effect.
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B.2 The Survey Instruments

B.2.1 The DHS: Index Construction and Results

Health Adversity. We construct the health index from the following questions:

« How is your health in general?

« How many times did you contact your general practitioner about your own health in

the past year?

Financial Adversity. This index measures present perceived strain in household finances. It

builds on the following questions:

« Would you, at present, like to spend more money than you have (e.g., through income)?
In other words, would you like to have more money now, that you would have to pay

back later?
« How well can you manage on the total income of your household?

« Is this income unusually high or low compared to the income you would expect in a

‘regular’ year, or is it regular?
« How is the financial situation of your household at the moment?

« Over the past 12 months, would you say the expenditures of your household were
higher than the income of the household, about equal to the income of the household,

or lower than the income of the household?
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+ Do you think the expenditures of your household, in the next 12 months, will be higher,

about the same, or lower than the income of your household?

+ The following statements concern your own situation compared to that of others.

I think my household has more assets than others in my environment.

If I compare myself with my friends, I think in general I am financially better off.

Most people in my environment are saving money.

I can spend more on durable consumer goods than others in my environment.

If necessary, I can reduce the expenditures of my household by 5% without a

problem.

« Have you, in the past 12 months, consulted with your bank or financial institution,
because you had or expected payment problems with the repayment of a loan or

mortgage?

« In the past 2 years, has a request you (or your partner) made for credit been turned

down, or were you not given as much credit as you applied for?

« How do you think the economic situation of your household will be in five years’ time

in comparison to the current situation?

+ Do you find it easy or difficult to control your expenditures?

« What is the chance that you will leave an inheritance (including possessions and

valuable items)?

Financial Education. This index captures respondents’ financial knowledge and their experi-

ences with financial education growing up.
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How knowledgeable do you consider yourself with respect to financial matters?

When you were between 8 and 12 years of age, did you receive an allowance from your

parents then?

When you were between 8 and 12 years of age, did you do little household chores (like

washing the car) for which you received some money from your parents?

When you were between 8 and 12 years of age, could you spend your money as you

pleased?

Did you have a job on the side (like a newspaper round, a job on Saturday etcetera)

when you were between 12 and 16 years of age?

Did your (grand)parents try to teach you how to budget when you were between 12

and 16 years of age?

Did your (grand)parents stimulate you to save money between the age of 12 and 16?

Happiness / Psychological Well-Being. We construct this index from the following questions:

All in all, to what extent do you consider yourself a happy person?

I have frequent mood swings.

I get stressed out easily.

The following questions are about how you felt over the past month. For every
question, please choose the answer that best describes how you felt during this past

month. This past month...
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I felt very anxious.

I felt so down that nothing could cheer me up.

I felt calm and peaceful.

I felt depressed and gloomy.

I felt happy.

Attitudes Toward Risk. This index relies on the following survey questions:

 The following statements concern saving and taking risks. Please indicate for each

statement to what extent you agree or disagree.

— I do not invest in shares, because I find this too risky.
— I'want to be certain that my investments are safe.
+ Are you generally a person who is willing to take risks or do you try to avoid taking

risks?

The following questions were initially also considered to be included in the construction
of the index but were not considered due to very low or negative correlation with the included

measures above.

+ The following statements concern saving and taking risks. Please indicate for each

statement to what extent you agree or disagree.

— Ithink it is more important to have safe investments and guaranteed returns, than

to take a risk to have a chance to get the highest possible returns.
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— If I think an investment will be profitable, I am prepared to borrow money to

make this investment.
— If I want to improve my financial position, I should take financial risks.

— I am prepared to take the risk to lose money, when there is also a chance to gain

money.

« How would you describe the risks that you have taken with investments over the past

few years?

Other Attitudes: Fatalism vs. Effort. Here we use the following questions:

+ Do you agree with the following statements?

Whether or not I get to become wealthy depends mostly on my ability.

In the long run, people who take very good care of their finances stay wealthy.

When I get what [ want, it’s usually because I worked hard for it.

My life is determined by my own actions.

We do not incorporate the following questions:

« Do you agree with the following statements?

— Itis chiefly a matter of fate whether I become rich or poor.

— Only those who inherit or win money can possibly become rich.

Other Attitudes: Optimism. The optimism index is constructed from the following questions:

« How likely is it that you will attain at least the age of 27
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+ On the whole, I expect more good things to happen to me than bad things.

All variables are coded in a way that higher values indicate worse outcomes. Leading up
to Table 2.1 in the text, we first report the correlation between the indices above in Table B.1.

Table B.1: Correlation Structure of Indices in the DHS

Health  Financial Happiness Risk Effort/ Optimism Financial

Adversity Adversity Attitudes Agency Education
Health Adversity 1.00
Financial Adversity 0.26 1.00
Happiness 0.33 0.24 1.00
Risk Attitudes 0.03 0.03 —0.01 1.00
Effort/Agency 0.11 0.24 0.09 0.01 1.00
Optimism 0.35 0.23 0.27 0.06 0.17 1.00
Financial Education = —0.12 —-0.22 —0.05 -0.12  -0.15 —-0.23 1.00

Notes: This table reports pairwise correlations between the seven DHS indices used in Table B.2. N = 21,614
individual-year observations from the DNB Household Survey (2012-2022). All indices are standardized compos-
ites constructed as the within-year average of the standardized underlying items. For all indices except Financial
Education, higher values indicate worse outcomes (worse health, worse financial situation, lower happiness,
greater risk aversion, lower effort/agency, and lower optimism). Higher Financial Education indicates greater
childhood financial exposure. See Section 2.2.2 for construction details.

Table B.2 next reports regressions of macroeconomic beliefs on the Table 2.1 controls and

the full set of indices, showing that the finance and health indices are the experiences that best

predict inflation and home price growth beliefs.
Table B.3 next presents Table 2.1 with all covariates.

Finally, we present three robustness exercises for Table 2.1. First, beliefs about home price
growth and the role of experiences in it may depend systematically on whether participants
are owners or renters (in particular, a rise in home prices benefits owners but can hurt renters).
Table B.4 presents the same specification restricted to either owners (Panel A) or renters (Panel

B). Second, the construction of the financial trouble index raises two possible objections: (i)
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Table B.2: Adversity Indices and Macroeconomic Beliefs in the DHS

Inflation HPG
(1) (2) ®3) (4) (5) (6) (7)
Health Adversity 0.05*** 0.04* 0.05*** 0.04™** 0.04***
(0.02)  (0.02) (0.01) (0.01) (0.01)
Financial Adversity 0.28*** 0.23*** 0.07*** 0.02  0.03
(0.03)  (0.03) (0.02)  (0.02) (0.02)
Happiness 0.01 0.02 —0.01 —-0.03* —0.03*
(0.02)  (0.02) (0.02) (0.02) (0.02)
Risk Attitudes 0.04*** 0.03** —0.01 —-0.01 —-0.01
(0.01)  (0.01) (0.01) (0.01) (0.01)
Effort/Agency —-0.01 —-0.02 -0.02 —-0.01 -0.00
(0.01)  (0.01) (0.01) (0.01) (0.01)
Optimism 0.07*** 0.05*** —0.03**—0.02* —0.02
(0.01)  (0.01) (0.01) (0.01) (0.01)
Financial Education —0.03 —-0.00 —0.03* —0.04**—0.05***
(0.02)  (0.02) (0.02) (0.02) (0.02)
Belief Price Increase Own House 0.01***
(Past Two Years) (0.00)
Constant 0.32***—0.06** 0.11 0.41***—0.01  0.40*** 0.44***
(0.10)  (0.03) (0.10) (0.12) (0.03) (0.10) (0.10)
N 19,852 21,566 19,501 16,504 17,547 16,228 16,228
Controls Yes No Yes Yes No Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
R? 0.03 0.04 0.05 0.02 0.00 0.02 0.04

Notes: This table reports OLS regressions of macroeconomic belief z-scores on DHS adversity indices. The depen-
dent variable in columns (1)—(3) is the z-score of the respondent’s most likely 1-year inflation rate, standardized
within survey year. The dependent variable in columns (4)—(7) is the z-score of expected 2-year house price
growth, standardized within survey year. All indices are standardized composites; higher values indicate worse
outcomes except for Financial Education. Controls include age, gender, education, occupation, urbanization,
household income, housing status, numeracy, and relationship status. All specifications include year fixed ef-
fects. Column (7) additionally controls for the respondent’s belief about own house price change in the past two
years. Data from the DNB Household Survey, 2012-2022. Standard errors clustered at the individual level in
parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

the expectations of income expenditures component may be mechanically correlated with
expected inflation, and (ii) the “relative position” component may be correlated with views
about the aggregate state of the economy. To address these concerns, Panel C reports the
main specification for the index constructed without these questions. Third, expectations of

aggregate home price growth may depend on beliefs about recent experienced growth in local
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Table B.3: Finance and Health Indices and Macroeconomic Beliefs in the DHS

Inflation HPG
(1) (2) 3) (4)
Health Adversity 0.08***  0.06™**  0.04™**  0.03"*
0.02)  (0.02)  (0.01)  (0.01)
Financial Adversity 0.30***  0.24***  0.06"**  0.02
0.02)  (0.03)  (0.02)  (0.02)
Age —0.00 —0.00**
(0.00) (0.00)
Male 0.00 0.02
(0.02) (0.02)
Education: Vocational —0.08*** —0.01
(0.03) (0.02)
Education: University —0.19*** —0.05
(0.03) (0.03)
Occupation: Employed 0.05 —0.01
(0.03) (0.03)
Occupation: Self-Employed 0.03 0.02
(0.05) (0.04)
Occupation: Student —0.19*** 0.09
(0.07) (0.09)
Occupation: Retired 0.14*** 0.01
(0.04) (0.03)
Urbanization 0.01 0.05***
(0.01) (0.01)
Income: EUR 10,000 — EUR 14,000 0.09 0.05
(0.07) (0.09)
Income: EUR 14,000 — EUR 22,000 0.06 0.05
(0.07) (0.08)
Income: EUR 22,000 — EUR 40,000 0.05 0.07
(0.07) (0.08)
Income: EUR 40,000 — EUR 75,000 0.02 0.06
(0.07) (0.08)
Income: EUR 75,000+ 0.03 0.15*
(0.07) (0.09)
Housing: Subtenant 0.04 —0.04
(0.14) (0.16)
Housing: Owner —0.09*** —0.23***
(0.03) (0.03)
Housing: Other —0.22** —0.62***
(0.11) (0.10)
Numeracy —0.06*** —0.01
(0.01) (0.01)
Has Partner 0.03 0.02
(0.03) (0.02)
N 22,081 19,852 17,928 16,504
Year FE Yes Yes Yes Yes
R? 0.03 0.05 0.00 0.02

Notes: This table replicates Table 2.1. Dependent variables are z-scored inflation (columns (1)-(2)) and home price
growth (columns (3)—(4)) expectations. Education base: primary/secondary; Occupation base: not employed; In-
come base: lowest bracket; Housing base: renter. Standard errors clustered at the individual level in parentheses.
All specifications include year fixed effects. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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home prices, which may be correlated with adversities. We thus add to Panel C a specification

where we control for believed home price appreciation over the previous two years.

Panels A and B show that experience effects on home price growth expectations are driven
mostly by renters. This is consistent with the idea that, for owners, forecasts of home price
appreciation are not spontaneously (absent priming) perceived as adversities but instead load
more on their experienced home price growth. Panel C shows that results are robust to using
an alternative, more conservative index for financial adversity. Moreover, while beliefs about
experienced local price growth shape forecasts (and significantly increase explanatory power),

the predictive power of adversities is unchanged.

Finally, Table B.5 shows that the finance and health indices are uncorrelated with subse-

quent realizations of inflation or home price growth.

Table B.6 shows that positive health or finance NDS experiences predict lower inflation
and home price growth expectations. We construct a health index based on the average of z-
scores of (i) health improvement vs. last year (reversed), (ii) felt calm and peaceful past month,
(iii) felt happy past month, and (iv) overall happiness (reversed). Higher values consistently
indicate more positive states, with no mechanical correlation with the adversity index. For
the financial index, we use (i) saved money (binary), (ii) job satisfaction (reversed), (iii) has
dividend income (binary), and (iv) received inheritance (binary). Since job satisfaction is only

asked of employed respondents, we also construct a version excluding it for larger samples.

The clean positive finance index is strongly significant for inflation expectations: a 1-
standard-deviation increase in positive financial experiences is associated with a 0.091 SD de-
crease in inflation expectations (p < 0.01). The positive health index becomes significant with

controls (—0.050, p < 0.05). Home price growth results are weaker, mirroring the pattern in
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Table B.4: Adversity Indices and Macroeconomic Beliefs by Housing Tenure

Panel A: Owners

Inflation HPG
(1) (2) ®3) (4)
Health Adversity 0.10***  0.08"**  0.01 0.02
(0.02)  (0.02)  (0.01)  (0.02)
Financial Adversity 0.30***  0.24*** —0.03 —0.01
(0.03)  (0.03)  (0.02)  (0.03)
N 15,728 14,218 13,459 12,398
Controls No Yes No Yes
Year FE Yes Yes Yes Yes
R? 0.03 0.04 0.00 0.01
Panel B: Renters
Inflation HPG
(1) (2) 3) (4)
Health Adversity 0.05 0.04 0.04 0.05*
(0.03)  (0.04)  (0.02)  (0.03)
Financial Adversity 0.28™** 0.29"** 0.04 0.09
(0.05)  (0.06)  (0.05)  (0.06)
N 6,069 5,397 4,378 4,028
Controls No Yes No Yes
Year FE Yes Yes Yes Yes
R? 0.02 0.05 0.01 0.02

Panel C: Alternative Index of Financial Adversity

Inflation HPG
(1) (2) 3) (4) ©)
Health Adversity 0.10***  0.06™**  0.04*** 0.03** 0.03**
(0.02) (0.02) (0.01) (0.01) (0.01)
Financial Adversity (Alt.) 0.20"**  0.16™**  0.06***  0.03 0.03
(0.02) (0.02) (0.02) (0.02) (0.02)
N 22,047 19,840 17,900 16,493 16,493
Controls No Yes No Yes Yes
Year FE Yes Yes Yes Yes Yes
R? 0.02 0.04 0.00 0.02 0.04

Notes: This table reports robustness checks for Table 2.1. Panels A and B replicate Table 2.1 separately for home-
owners and renters; housing tenure is excluded from controls. Panel C uses a more conservative Financial Adver-
sity built from 7 components (excluding 9 items related to relative position and income-expenditure expectations)
instead of the 16-component index. Dependent variables are z-scored inflation and home price growth (HPG)
expectations. Controls include age, gender, education, occupation, urbanization, household income, housing sta-
tus, numeracy, and relationship status (housing status is excluded in Panels A and B since the sample is split by
housing tenure). Standard errors clustered at the individual level in parentheses. All specifications include year
fixed effects. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table B.5: Adversity Indices and Realized Macroeconomic Outcomes

Inflation HPG
(1) (2) ®) 4) ®) (6) (7) (8)
Health Adversity —0.04 —-0.02 —-0.00 0.00 0.50*** 0.49*** —0.01 —0.01

(0.03)  (0.03) (0.00) (0.00) (0.10) (0.10)  (0.03)  (0.03)

Financial Adversity ~ 0.35*** 0.47*** —0.00  0.00 —1.60***—1.76*** 0.04 —0.00
(0.04)  (0.05) (0.01) (0.01) (0.18) (0.20)  (0.04)  (0.05)

N 22,057 19,836 22,057 19,836 19,781 18,019 19,781 18,019
Controls No Yes No Yes No Yes No Yes
Year FE No No Yes Yes No No Yes Yes
Province FE No No No No Yes Yes Yes Yes
R? 0.00 0.03 0.99 0.99 0.02 0.07 0.95 0.95

Notes: This table tests whether individual-level adversity indices predict actual future macroeconomic outcomes.
The dependent variable in columns (1)-(4) is realized CPI inflation 12 months ahead. The dependent variable in
columns (5)—(8) is realized home price growth (HPG) over a 24-month window ahead. The Health Adversity index
is a standardized composite of individual health status variables; the Financial Adversity index is a standardized
composite of 16 financial well-being measures. Both are measured at the individual level in the DNB Household
Survey (DHS). Controls include age, gender, education, occupation, urbanization, household income, housing
status, numeracy, and relationship status. All specifications include year fixed effects. Province fixed effects are
additionally included in the housing specifications (columns (5)—(8)) to account for local home price variation;
inflation is a national measure and does not vary by province. Standard errors clustered at the individual level in
parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

the main paper where financial adversity dominates due to similarity. These results are robust
to controlling for Health and Finance Adversities, as well as for general measures of optimism

and happiness.

We complement this analysis in Table B.7 by looking at specific discrete positive shocks.
Inheritance receipt and dividend income are the strongest individual predictors. Receiving an
inheritance is associated with 0.077 SD lower inflation expectations (p < 0.05) and 0.054 SD
lower home price growth expectations (p < 0.10). Having dividend income predicts 0.128
SD lower inflation expectations (p < 0.01). These are discrete positive financial events. The

grandchild effect goes in the predicted direction but lacks statistical power (only 248 events).
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Table B.6: Positive Indices and Macroeconomic Beliefs

Inflation HPG
(1) (2) 3) (4)
Positive Health (Clean) —0.02 —0.05** 0.00 0.02
(0.02) (0.02) (0.02) (0.02)
Positive Finance (Clean) -0.17*  —0.09"* —0.03"* —0.01
(0.01) (0.01) (0.01) (0.01)
N 22,081 19,852 17,928 16,504
Controls No Yes No Yes
Year FE Yes Yes Yes Yes
R? 0.01 0.04 0.00 0.02

Notes: This table reports OLS regressions of macroeconomic belief z-scores on standardized positive experience
indices. The dependent variable in columns (1)—(2) is the z-score of the respondent’s most likely 1-year inflation
rate, standardized within survey year. The dependent variable in columns (3)—(4) is the z-score of expected 2-year
house price growth, standardized within survey year. “Positive Health (Clean)” is the average of the z-scores of
(i) health improvement vs. last year (reversed), (ii) felt calm and peaceful past month, (iii) felt happy past month,
and (iv) overall happiness (reversed); higher values indicate more positive states. “Positive Finance (Clean)” is the
average of the z-scores of (i) saved money (binary), (ii) job satisfaction (reversed), (iii) has dividend income (bi-
nary), and (iv) received inheritance (binary). Both indices are constructed to have no mechanical correlation with
the adversity indices in Table 2.1. Controls include age, gender, education, occupation, urbanization, household
income, housing status, numeracy, and relationship status. All specifications include year fixed effects. Standard
errors clustered at the individual level in parentheses. Data from the DNB Household Survey, 2012-2022. Signif-
icance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table B.7: Positive Personal Experiences and Macroeconomic Beliefs

Inflation HPG
(1) (2) (3) (4) (5) (6)
Received Inheritance —0.08** —0.05*
(0.03) (0.03)
Dividend Income —0.13*** 0.00
(0.03) (0.03)
New Grandchild —0.02 —0.08
(0.06) (0.06)
N 19,852 19,665 11,689 16,504 16,348 9,844
Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
R? 0.03 0.03 0.04 0.02 0.02 0.02
Sample Age>45 Age>45

Notes: This table reports OLS regressions of macroeconomic belief z-scores on indicators for discrete positive
personal experiences. The dependent variable in columns (1)-(3) is the z-score of the respondent’s most likely
1-year inflation rate, standardized within survey year. The dependent variable in columns (4)-(6) is the z-score
of expected 2-year house price growth, standardized within survey year. “Received Inheritance” is a binary
indicator for inheritance receipt; “Dividend Income” is a binary indicator for any dividend or investment income;
“New Grandchild” is a binary indicator for the arrival of a new grandchild and is restricted to respondents aged
45 and above. Controls include age, gender, education, occupation, urbanization, household income, housing
status, numeracy, and relationship status. All specifications include year fixed effects. Standard errors clustered
at the individual level in parentheses. Data from the DNB Household Survey, 2012-2022. Significance levels: ***
p < 0.01, ™ p < 0.05, " p < 0.10.
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B.2.2 Our Survey Instrument

Introductory Text.

The goal of this survey is to explore how people form beliefs about inflation and changes
in home prices, based on economic events and personal experiences. To do that, the survey
includes questions about personal events you may have experienced and your views about

inflation and changes in home prices.

Q1) We want to start with a question on estimating quantities. Out of 1000 random people in

The Netherlands, how many do you think are older than 90 years?

Experience Prompts. PROGRAMMING NOTE. Use a random generator to divide respondents into three
subgroups A, B, and C. Group A starts with questions Qla and Q2a, and Group B starts with questions Q1b

and Q2b. Group C is the control group and starts the survey with question Q5.

[Group A: Health]

Q1a) In this part of the survey, we will ask you about an experience you may have had. We
appreciate you taking the time to provide answers to these personal and possibly sensitive

questions.

Have you or a loved one ever faced the challenges of a serious or chronic illness, or the con-

sequences of a serious accident?

] Yes [— Proceed with question Q2a]

] No [— Jump to question Q5]
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Q2a) Thinking back on this experience, please respond to the questions below.

1. Briefly describe what the illness or accident was, who suffered from it, and in what

year/years it happened.
2. What losses, difficulties, or sacrifices do you remember from that time?

3. What emotions do you associate with thinking back on that experience?

[Group B: Finance]

Q1b) In this part of the survey, we will ask you about an experience you may have had. We
appreciate you taking the time to provide answers to these personal and possibly sensitive

questions.

Have you or a loved one ever struggled with financial difficulties?

O Yes [— Proceed with question Q2b]

[J No [— Fump to question Q5]

Q2b) Thinking back on this experience, please respond to the questions below.

1. Briefly describe what the main cause of that financial struggle was, who suffered from

it, and in what year/years it happened.
2. What losses, difficulties, or sacrifices do you remember from that time?

3. What emotions do you associate with thinking back on that experience?
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[For Subgroups A and B who answered yes to Q1a/Q1b]

Q3) Can you tell us more about this personal experience in 3-4 sentences? Feel free to write

whatever comes to mind as you think about this experience.

[For all respondents]

Belief Elicitation — Inflation. ProGrammING NOTE. Q5: Group A and Group B respondents will be
shown an additional text screen before Q5 with the following text: “At this point, you will be asked about
economic expectations. We understand that this is a completely different topic than the previous questions,

but in the interest of the research study, we would like to ask you to answer them.”

Q5) We are interested in your views on inflation in the Netherlands in the future. Inflation is
the change in consumer prices in general over a period of twelve months. What do you expect
inflation in the Netherlands to be in the next twelve months, i.e., what will the percentage

change in consumer prices be over the next twelve months?

If you think prices will go up, please enter a positive percentage. If you think prices will fall,
please enter a negative percentage (put a minus sign (-) in front of your answer). If you think

prices will not change, please enter 0 (zero). You can also use decimal places if you want.

Q6) How likely do you think inflation is to be 7% or higher a year from now? You can answer
on a scale of 0 to 10, where 0 indicates that there is ‘no chance at all’ that inflation will be 7%

or higher, and 10 indicates that inflation will ‘absolutely, for sure’ be 7% or higher.

0 1 2 3 4 5 6 7 8 9 10

o o o o o o0 o0 0o o o d

0 = no chance at all; 10 = absolutely, for sure
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Q8) Please write down 3-4 sentences about any thoughts or personal experiences that came

to mind when you were answering the previous questions on inflation.

Belief Elicitation — House Prices.

Q9) We are interested in your views on home prices in the Netherlands in the future. What do
you expect to be the percentage change in home prices in the Netherlands in the next twelve

months?

If you think home prices will rise, please enter a positive percentage. If you think home prices
will fall, please enter a negative percentage (put a minus sign (-) in front of your answer). If
you think home prices will not change, please enter 0 (zero). You can also use decimal places

if you want.

0Q10) How likely do you think it is that home prices will rise by 10% or more over the next
twelve months? You can answer on a scale of 0 to 10, where 0 indicates that there is ‘no
chance at all’ that home prices will rise by 10% or more, and 10 indicates that home prices will

‘absolutely, for sure’ rise by 10% or more.

0 1 2 3 4 5 6 7 8 9 10

o o o o o o o g oo o 4

0 = no chance at all; 10 = absolutely, for sure

Q12) Please write down 3—-4 sentences about any thoughts or personal experiences that came

to mind when you were answering the previous questions on home prices.
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PROGRAMMING NOTE. Q13: Please randomize the order of the first two response options. The last two

response options should always be placed at the end.

Q13) Do you consider a rise in home prices by 10% or more to be a good or a bad thing?

A good thing
A bad thing

Neither

O O O 0O

I do not know

Experiences. PROGRAMMING NOTE. Q14: Respondents from group A (Health Experience Prompt) are
asked the second question. Respondents from Group B (Finance Experience Prompt) are asked the first
question. Respondents from group C (Control group) are asked both questions. The other questions are
asked to everyone. The order of all questions should be randomized, keeping in mind that the first two

questions (if offered to the respondent) should always come first.

Q14) For each of the experiences below, please indicate if you or a loved one had this past

experience.
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Experience Yes No

[Groups B and C] Have you or a loved one ever faced the challenges of a serious or 0 ]

chronic illness, or the consequences of a serious accident?
[Groups A and C] Have you or a loved one ever struggled with financial difficulties? O O

Have you or a loved one experienced a recent extreme weather event in your area, such O ]

as a very heavy storm, flood, or extreme heat?

Have you or a loved one had an experience, for instance in your job, where an event O O

increased inequality or was perceived as unfair?

Have you or a loved one ever experienced protests, confrontations, or other forms of O O

intense tension between social groups?

Have you or a loved one ever experienced someone cheating, stealing, or breaking a O ]
contract?
Have you or a loved one ever made a long-term investment in a business or in the stock O ]

market that has been successful in the long run?

Have you or a loved one ever faced challenges related to the immigration of foreigners? O O
Have you or a loved one ever lost a job unexpectedly and experienced unemployment? d ]
Have you or a loved one ever experienced a divorce or separation from a long-term O O
partner?

Inflation Similarity. ProcramminG NOTE. Q15: For every respondent use the same order of questions

as shown in Q14.

Q15) Now we will ask you to rate the similarity between some personal experiences and infla-
tion. At first sight, these events may seem dissimilar because they concern different domains.
However, even experiences in different domains may share some aspects, such as personal

stress, a sense of insecurity or uncertainty, impact on social life, economic consequences, etc.
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Therefore, when you assess similarity, we would like you to think of an overall measure of

similarity between experiences, taking into account a wide range of aspects.

Keeping this in mind, please indicate for each of the experiences below how similar you think
that experience is compared to future inflation being 7% or higher. You can answer on a scale

of 1 to 7, where 1 indicates ‘not similar at all’, and 7 indicates ‘extremely similar’.

Experience 1 2 3 4 5 6 7
A serious or chronic illness, or a serious accident O 0O 0 0o o o 0
Struggling with financial difficulties o 0o oo oo 0O

A recent extreme weather event, such as a very heavy storm, flood,or O O O O O O O

extreme heat
An event increasing inequality or perceived as unfair o 0o oo o000

Protests, confrontations, or other forms of intense tension between 0O O O O O O O

social groups
Cheating, stealing, or breaking a contract o 0o oo o000

A long-term investment in a business or in the stock market thathas OO0 0O 0O O O O O

been successful in the long run

Challenges related to the immigration of foreigners O 0 0o oo O
Unexpected job loss and unemployment O O 0o oo 0O
Divorce or separation from a long-term partner o 0o o o oo o

1 = not similar at all; 7 = extremely similar

House Prices Similarity. ProcramminG NOTE. Q16: For every respondent use the same order of ques-

tions as shown in Q14 and Q15.

0Q16) Now we will ask you to rate the similarity between some personal experiences and home
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prices increases. At first sight, these events may seem dissimilar because they concern differ-
ent domains. However, even experiences in different domains may share some aspects, such
as personal stress, a sense of insecurity or uncertainty, impact on social life, economic conse-
quences, etc. Therefore, when you assess similarity, we would like you to think of an overall

measure of similarity between experiences, taking into account a wide range of aspects.

Keeping this in mind, please indicate for each of the experiences below how similar you think
that experience is compared to future home prices increasing by 10% or more. You can

answer on a scale of 1 to 7, where 1 indicates ‘not similar at all’, and 7 indicates ‘extremely

similar’.
Experience 1 2 3 4 5 6 7
A serious or chronic illness, or a serious accident O 0O 0O 0 0o 0 O
Struggling with financial difficulties o 0o oo oo O

A recent extreme weather event, such as a very heavy storm, flood,or O O O O 0O O 0O

extreme heat
An event increasing inequality or perceived as unfair o 0o oo 0o

Protests, confrontations, or other forms of intense tension between 0O O O O 0O 0O 0O

social groups
Cheating, stealing, or breaking a contract o 0o oo oo

A long-term investment in a business or in the stock market thathas OO0 0O O O O O O

been successful in the long run

Challenges related to the immigration of foreigners o 0o oo o000
Unexpected job loss and unemployment o 0o oo oo O
Divorce or separation from a long-term partner o 0o oo o0o o0

1 = not similar at all; 7 = extremely similar
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Time Use, Family, and Backcast.

Q17) One dimension we would like to ask you about has to do with the time you spend on
physical activity. In a typical week, how many hours would you say you spend on average on

physical activity? This can include sports, but also other activities such as cycling or walking.

Q18) Another dimension we would like to ask you about has to do with time spent on house-
hold chores. In a typical week, how many hours would you say you spend performing house-

hold chores in your household? This can include cleaning and cooking, but also repairs.

0Q19) Consider now your monthly expenditure. Relative to a year ago, has the price of items

that you buy regularly changed, and if so by what percentage?

If you think the price of the items you buy regularly has risen, please enter a positive per-
centage. If you think the price of the items that you buy regularly has fallen, please enter a
negative percentage (put a minus sign (-) in front of your answer). If you think the price of the
items that you buy regularly has not changed, please enter 0 (zero). You can also use decimal

places if you want.

Q20) Finally, consider home prices in the city where you live. Relative to a year ago, has the

price of houses in the city where you live changed, and if so by what percentage?

If you think the price of houses in your city has risen, please enter a positive percentage. If
you think the price of the houses in your city has fallen, please enter a negative percentage
(put a minus sign (-) in front of your answer). If you think that the price of the houses in the
city where you live has not changed, please enter 0 (zero). You can also use decimal places if

you want.
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B.3 Further Results on Experiences and Similarity

We provide further evidence on the measured components of memory (Section 2.3), namely
on the properties of participants’ databases and their perceived similarity between NDS expe-

riences and high inflation or home price growth.

B.3.1 Frequency of NDS Experiences

Table B.8 reports the frequency of NDS experiences in different subsamples. The first column
covers the control sample, followed by the health treatment (all respondents, denoted All, and
respondents who experienced a health adversity, denoted TOT for treatment on treated), and
similarly for the finance treatment. The shares in Health All and Finance All are very similar
to and mostly statistically indistinguishable from those in Control, with the main exception
that Health NDS is slightly more prevalent in the Health Treatment. One plausible reason
is attention: these NDS were elicited at the outset of the survey, so people arguably exerted
more effort to recall them compared with respondents in the control group. Table B.8 also
shows significant differences between the databases of people in Control and the “Treatment
on Treated” groups. This may be due to the endogeneity of experiences: financial, health, and
other adversities such as unemployment or divorce are naturally intertwined via interaction
effects and personal characteristics.> Table B.9 confirms this mechanism, showing higher-

than-average correlations of finance with unemployment and divorce.

2 An alternative possibility is that priming recall of experiences at the outset influences recall of other experiences
later in the survey. This channel can be tested by comparing people who lived the primed experience in the
treatment arm with people who lived the same experience in the control sample. The comparison reveals that
these subsets of the treated and control samples do not systematically differ.
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Table B.8: Share of Respondents Reporting Each Experience

Control Health Finance
All TOT All TOT
(1) ) ®) 4) )
Panel A: Treatment Experiences
Health 0.42 0.50*** 1.00%** 0.42 0.51%**
(0.00)  (0.00) (0.73)  (0.00)
Finance 0.41 0.40 0.49*** 0.35*** 1.00***
(0.37)  (0.00) (0.00) (0.00)
Panel B: Other Experiences
Extreme Weather 0.12 0.11 0.15** 0.11 0.16™*
(0.50)  (0.02) (0.60) (0.02)
Inequality 0.28 0.30  0.38*** 0.25* 0.36™"*
(0.17)  (0.00) (0.06) (0.00)
Protest 0.10 0.11 0.13*  0.10 0.15%**
(0.88) (0.08) (0.54) (0.00)
Cheating Contract 0.37 039 046" 037 056
(0.32)  (0.00) (0.99) (0.00)
Successful Investment 0.12 0.12 0.15** 0.11 0.12
0.97) (0.04) (0.53) (0.84)
Immigration / Foreigners 0.11 0.10  0.11 0.07*** 0.11
(0.21)  (0.80) (0.00) (0.87)
Job Loss 0.38 0.39 0.46*** 0.37 0.56***
(0.41)  (0.00) (0.93) (0.00)
Divorce 0.47 0.48 0.56*** 0.49 0.65***

(0.55)  (0.00) (0.23) (0.00)

Notes: This table compares the Health and Finance treatment groups to the full control group. Reported values
are the proportions of respondents who report each experience. p-values (in parentheses) and significance stars
derive from two-sample tests of differences in proportions relative to the unrestricted control group. Health (All):
all respondents assigned to the Health Treatment. Health (TOT): health-treated respondents who reported the
health adversity experience. Finance (All): all respondents assigned to the Finance Treatment. Finance (TOT):

finance-treated respondents who reported the finance adversity experience. Significance levels: *** p < 0.01, **

p < 0.05,* p < 0.10.
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Table B.9: Pairwise Correlations between Experience Indicators

Health Finance Weather Ineq. Protest Contract Invest. Immig. JobLoss Divorce

Health 1.00

Finance 0.22 1.00

Weather 0.15 0.15 1.00

Inequality 0.23 0.29 0.20 1.00

Protest 0.14 0.22 0.21 0.28 1.00

Contract 0.21 0.34 0.18 0.30 0.22 1.00

Investment 0.11 0.09 0.14 0.15 0.17 0.16 1.00

Immigration 0.11 0.20 0.22 0.22 0.31 0.21 0.14 1.00

Job Loss 0.18 0.31 0.15 0.34 0.19 0.26 0.12 0.19 1.00

Divorce 0.21 0.28 0.14 0.19 0.12 0.43 0.11 0.13 0.22 1.00

Notes: This table reports pairwise correlations between the ten experience indicators elicited in the experiment.
N = 3,813 respondents (Wave 1). All correlations are statistically significant at the 1% level. The ten experiences
are: health problems, financial difficulty, extreme weather, inequality, protest, cheating contract, successful in-

vestment, immigration/foreigners, job loss, and divorce.

B.3.2 Similarity of NDS Experiences to Inflation and Home Price Growth

We next turn to assessments of similarity of NDS experiences to high inflation or home price

growth, pooled across all treatments.

Table B.10 reports mean and standard deviation of similarity ratings (1-7 scale) for each
NDS experience to high inflation and high home price growth (Panel A), along with summary
statistics on cross-experience dispersion and a Levene test of equal variances. Panel B repli-
cates the means separately for homeowners and renters. Table B.11 finds that having had an
experience increases perceived similarity. Finally, Table B.12 assesses the relative similarity of

the cued adversities to inflation and home price growth, in the control sample.
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Table B.10: Statistics of Individual-Level Variation in Similarity

Panel A: Pooled Sample

Inflation HPG

Experience Mean SD Mean SD
Financial Difficulty 4.64 1.59 4.53 1.74

Job Loss 4.22 1.74 3.86 1.80
Inequality 3.72 1.67 3.61 1.77
Divorce 3.30 1.81 3.36 1.84
Successful Investment 3.41 1.69 3.35 1.73
Immigration / Foreigners 3.13 1.65 3.20 1.74
Protest 3.35 1.67 3.12 1.68
Extreme Weather 3.13 1.72 3.00 1.71
Illness or Accident 2.85 1.71 2.75 1.73
Cheating Contract 2.86 1.67 2.83 1.66
Average SD 1.70 1.73

Min SD 1.59 [Financial] 1.66 [Cheating]
Max SD 1.81 [Divorce] 1.84 [Divorce]
Levene (W50) F(9,38,120) = 38.76 F(9,38,120) = 12.52

p < 0.001 p < 0.001

Panel B: Owners vs. Renters

Inflation HPG
Experience Owners  Renters  Owners  Renters
Financial Difficulty 4.85 5.00 4.68 4.89
Job Loss 4.45 4.40 3.97 4.05
Inequality 3.99 4.21 3.85 4.14
Successful Investment 3.74 3.84 3.65 3.66
Immigration / Foreigners 3.74 3.60 3.99 3.66
Protest 3.62 3.58 3.36 3.66
Divorce 3.32 3.57 341 3.38
Extreme Weather 3.15 3.54 3.05 3.57
Cheating Contract 2.94 3.15 2.86 3.02
Illness or Accident 2.85 3.05 2.70 2.99

Notes: This table reports mean similarity scores (1-7 scale) for each personal experience, separately for inflation
and home price expectations. Higher values indicate that respondents perceive their own experience as more
similar to high inflation or high home price growth (HPG). “Average SD” reports the mean standard deviation
across the ten experiences; “Min SD” and “Max SD” identify the experiences with the lowest and highest dis-
persion. Levene’s robust test (W50) assesses equality of variances across experiences; the test strongly rejects
homoskedasticity for both inflation and home price similarity measures (p < 0.001). Panel B reports means
separately for homeowners and renters.
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Table B.11: Experience Database and Similarity Judgments

Inflation HPG
Experience N (Yes) Difference N (Yes) Difference
Financial Difficulty 1,719 0.49*** 1,719 0.43***
Inequality 1,413 0.54*** 1,413 0.53***
Immigration / Foreigners 492 0.63*** 492 0.75%**
Protest 532 0.42*** 532 0.43***
Job Loss 1,747 0.39*** 1,747 0.26***
Successful Investment 618 0.36*** 618 0.37**
Cheating Contract 1,736 0.27*** 1,736 0.15%**
Divorce 2,204 0.21*** 2,204 0.24***
Extreme Weather 555 0.19** 555 0.19**
Illness or Accident 2,036 0.13** 2,036 0.08

Notes: This table reports mean differences in similarity ratings between respondents who reported having lived
through each experience and those who did not. N (Yes) is the number of respondents who reported having
the experience. “Difference” is the difference in mean similarity rating (had experience minus did not have
experience) on a 1-7 scale, and the p-value is from a two-sample t-test. Similarity to inflation (home price
growth, HPG) is the respondent’s rating of how similar each experience is to high inflation (high HPG). Sample
includes all respondents in Wave 1 (N = 3,813). Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

Table B.12: Health and Finance Similarity in the Control Sample

Similarity to High Inflation  Similarity to High HPG  Difference

Finance Experience 4.63 (1.61) 4.50 (1.76) 0.131%**
Health Experience 2.90 (1.70) 2.87 (1.74) 0.035
Difference (Finance — Health) 1.726*** 1.630***

Notes: This table reports mean similarity ratings for finance and health experiences in the control group
(N = 1,284). Standard deviations in parentheses. Similarity to High Inflation is the respondent’s rating of
how similar their financial (health) experience is to high inflation, on a 1-7 scale. Similarity to High HPG (home
price growth) is defined analogously for high home price growth. “Difference” reports the within-person paired
t-test of similarity to high inflation minus similarity to high HPG. “Difference (Finance — Health)” reports the
paired t-test of the finance experience similarity minus the health experience similarity within the same domain.
The control group received no priming treatment, so these differences reflect respondents’ baseline perceptions
of relevance. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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B.4 Further Results on Experience and Priming Effects

We start by presenting all covariates of Table 2.3 (experience effects), Table 2.4 (priming ef-
fects), and Table 2.5 (similarity hierarchy of experience and priming effects). The full set of

covariate estimates is reported in Table B.13.

We next assess the robustness of experience and priming effects across homeowners
and renters. Table B.14 reports the corresponding estimates separately for homeowners and

renters.

Finally, we assess the persistence of priming effects. To do so, we pool data from both
waves and add dummies for Wave 2 and their interaction with primes. We focus on partic-
ipants who were TOT in Wave 1 (i.e., we exclude those who did not report an adversity or
did so only in Wave 2). All interaction terms are negative and mostly significant, confirming
treatment effects decay from Wave 1 to Wave 2. Finance priming decay is especially strong.

Table B.15 reports the estimates.
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Table B.13: Experience and Priming Effects with Covariates

Table 2.4 Table 2.5

Control — Wave 1

ITT TOT TOT

Inflation HPG Inflation HPG Inflation HPG

(3) (4) () (6) (7) (8)

Age

Education: Vocational
Education: University
Occupation: Employed
Occupation: Self-Employed
Occupation: Student
Occupation: Retired
Urbanization

Net Income

Housing: Owner

Male

Has Partner

Beliefs about Elderly

Constant

—0.00*** —0.00

—0.19*** —0.18***

—0.16*** —0.06

-0.01*** —0.01*** —0.01***—0.01***—-0.01***—0.01***—0.01***—0.01***

(0.00)  (0.00)  (0.00)  (0.00)  (0.00)  (0.00)

—0.07* —0.03 —0.06 001 —0.08 0.01
(0.04)  (0.04)  (0.05) (0.05)  (0.05)  (0.05)

—0.26"*—0.19***—0.18"**—0.10  —0.18"***—0.10
(0.05)  (0.05)  (0.07)  (0.07)  (0.07)  (0.07)

001  —0.10 —0.01 —0.08 —0.01 —0.08
0.06)  (0.06)  (0.07)  (0.06)  (0.07)  (0.06)

—0.02 —0.04 —0.01 004 —0.02 004
(0.08)  (0.09) (0.11)  (0.11)  (0.11)  (0.11)
—0.40%* —0.35***—0.39** —0.35** —0.44***—(.36**
(0.12)  (0.12)  (0.16)  (0.14)  (0.16)  (0.14)

—0.04 —0.12** —0.03 —0.05 —0.02 —0.05
0.05)  (0.06)  (0.07)  (0.07)  (0.07)  (0.07)

0.00 002 —0.00 0.1 0.00 0.01
(0.01)  (0.01)  (0.02) (0.02)  (0.02)  (0.02)

—0.00***—0.00  —0.00***—0.00 —0.00***—0.00
(0.00)  (0.00)  (0.00)  (0.00)  (0.00)  (0.00)
—0.25%% —(0.20%%* —(0.23*** — (.21 *** — (). 24%** — (. 22***
(0.04)  (0.04)  (0.05)  (0.05)  (0.05)  (0.05)
—0.17**—0.06* —0.17***—0.07 —0.16***—0.06
0.03)  (0.03)  (0.04) (0.04) (0.04) (0.04)
0.01 004 004 005 005 005
(0.04)  (0.04)  (0.05)  (0.05)  (0.05)  (0.05)
0.14%*  0.08**  0.16™** 0.10™** 0.16*** 0.10***
0.02)  (0.02)  (0.03) (0.02) (0.03)  (0.02)

0.89%**  0.75%%* 0.96™** 0.75"** 0.89*** 0.69%**
(0.12)  (0.12)  (0.15)  (0.15)  (0.15)  (0.15)

N
R2

3,813 3,813 2,367 2,367 2,367 2,367
0.12 0.06 0.13 0.06 0.13 0.07

Notes: This table reports the full set of covariate estimates for the main specifications in Tables 2.3, 2.4, and 2.5.

Columns (1)—-(2) correspond to Table 2.3 (control group, Wave 1, N = 1,284). Columns (3)-(6) correspond to
Table 2.4 (columns (3)-(4): ITT sample, N = 3,813; columns (5)-(6): TOT sample, N = 2,367). Columns (7)-(8)
correspond to Table 2.5 (TOT sample, N = 2,367). The dependent variables are the inflation (odd columns)
and housing (even columns) belief composite z-scores. Robust standard errors in parentheses. Base categories:

no vocational/university education, unemployed, and tenant. Significance levels: *** p < 0.01, ** p < 0.05, *

p < 0.10.
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Table B.14: Experience and Priming Effects for Owners vs. Renters

Panel A: Experience Effects

Control Group — Wave 1

Inflation HPG
Owners Renters Owners Renters
(1) (2) ®3) (4)
Finance Experience 0.12** 0.27** 0.04 0.24**
0.06)  (0.12)  (0.06)  (0.11)
Health Experience —0.05 0.05 0.06 0.01
0.06)  (0.11)  (0.06)  (0.11)
N 913 363 913 363
Controls Yes Yes Yes Yes
R? 0.12 0.13 0.03 0.08
Panel B: Priming Effects
ITT TOT
Inflation HPG Inflation HPG

Owners Renters Owners Renters Owners Renters Owners Renters

(1) (2) 3) (4) 5) (6) (7) 8)
Finance Prime 0.03 0.17**  0.05 0.15* 0.12* 0.20 0.17**  0.21*
(0.04)  (0.08)  (0.04) (0.08) (0.07) (0.12)  (0.07)  (0.12)
Health Prime 0.02 0.11 0.07 0.18** 0.14** 0.18 0.10* 0.25**
(0.04)  (0.08)  (0.04) (0.08)  (0.06) (0.11)  (0.06)  (0.12)
Finance Experience ~ 0.15***  0.23*** 0.06 0.25*** 0.11**  0.20"*  0.01 0.23**
(0.04)  (0.07)  (0.04)  (0.07)  (0.05)  (0.10)  (0.05)  (0.10)
Health Experience ~ —0.01  —0.01 0.07* —0.04 —0.09* —0.03 0.02 —0.09
(0.03)  (0.07)  (0.04)  (0.07)  (0.05)  (0.10)  (0.05)  (0.10)
N 2,663 1,118 2,663 1,118 1,631 721 1,631 721
Controls Yes Yes Yes Yes Yes Yes Yes Yes
R? 0.09 0.09 0.04 0.06 0.11 0.11 0.04 0.08

Notes: This table reports OLS regressions of the inflation and home price growth (HPG) composite belief z-
scores on experience and priming indicators, separately for homeowners (Owners) and renters (Renters). Panel
A uses the control group in Wave 1 to isolate experience effects: “Finance Experience” and “Health Experience”
indicate whether the respondent reported having lived through a financial or health adversity. Panel B adds
priming effects using the ITT sample (all treatment-assigned respondents, columns (1)-(4)) and the TOT sample
(treatment compliers, columns (5)—(8)): “Finance Prime” and “Health Prime” are indicators for assigned treatment.
The dependent variables are composite indices that average the standardized point forecast (winsorized at the 2nd
and 98th percentiles) and the standardized threshold belief, re-standardized within wave. Controls include age,
education fixed effects (base: no vocational/university education), occupation fixed effects (base: unemployed),
urbanization, net income, gender, relationship status, and beliefs about elderly (not shown; housing tenure is

excluded since the sample is split by tenure). Robust standard errors in parentheses. Significance levels:
p < 0.01, ™ p <0.05*p <0.10.
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Table B.15: Persistence of Priming Effects

TOT
Inflation HPG
(1) (2)
Finance Prime 0.13** 0.14**
(0.06) (0.06)
Health Prime 0.12** 0.13**
(0.05) (0.05)
Finance Prime x Wave 2 —0.10* —0.17***
(0.05) (0.06)
Health Prime x Wave 2 —0.06 —0.12**
(0.05) (0.06)
Finance Experience 0.15%** 0.13%**
(0.04) (0.04)
Health Experience —0.03 0.00
(0.04) (0.04)
N 4,800 4,800
Controls Yes Yes
R? 0.11 0.06

Notes: This table reports OLS regressions pooling Wave 1 and Wave 2 data. The dependent variables are composite
z-scores on inflation and housing beliefs. Treatment coefficients capture Wave 1 effects; interaction terms capture
the change from Wave 1 to Wave 2 (negative = decay). “Finance Experience” and “Health Experience” indicate
if a respondent lived a financial or health adversity. Controls include age, education fixed effects (base: no
vocational/university education), occupation fixed effects (base: unemployed), urbanization, net income, housing
tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly (not shown). Standard

errors clustered at the individual level in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

B.4.1 Reliability of Similarity Measures

We next assess whether individual similarity ratings are reliable in the context of the analysis
of Table 2.5. Several concerns arise. First, individual ratings may be noisy, in the sense of re-
flecting idiosyncratic judgments that are unstable across waves. Second, individual similarity
ratings may be endogenous: respondents with higher inflation expectations may retrospec-

tively judge their experiences as more similar to high inflation.

To assess the role of noise, we perform an IV exercise in which we instrument similarity
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in one wave with similarity reported in the other wave, which allows us to use only the stable
component of similarity variation. Note that this can only be done for non-primed experiences
because we measure the similarity of e; and ej, only in the second wave, where the correlation
is on average 0.3. Results are reported in Table B.16, columns (1) and (2). To address the second
concern, we replace individual-level similarity ratings for experiences with the corresponding
sample-average similarity ratings. This removes any direct feedback from a person’s own
beliefs to their similarity assessments, while still preserving variation across experiences in
perceived similarity at the population level.

Table B.16: Effect of Experience Similarity on Inflation and Home Price Growth Beliefs

TOT

IV Similarity Sample Similarity
Inflation HPG Inflation HPG
(1) ) ®3) (4)

Avg. Similarity of Lived Experiences 0.05**  0.07***  0.05* 0.07***
0.02)  (0.02)  (0.03)  (0.02)

Similarity of Primed Experience 0.07***  0.06™**  0.08"**  0.06™**
(0.02)  (0.02)  (0.02)  (0.02)
Constant 1.07***  0.79***  1.13%*  0.81***
(0.15)  (0.14)  (0.15)  (0.14)
N 2,367 2,367 2,367 2,367
Controls Yes Yes Yes Yes
R? 0.12 0.07 0.12 0.07

Notes: This table reports robustness checks for the treatment on treated (TOT) specifications in Wave 1. The
dependent variables are standardized belief measures (z-scores) based on respondents’ point and threshold fore-
casts for inflation and home price growth (HPG). The two robustness approaches modify how similarity measures
or beliefs are constructed. IV Similarity: similarity scores are instrumented using predicted similarity values. For
each experience category, the respondent’s Wave 1 similarity rating is regressed on their Wave 2 rating, and the
fitted value is used as an instrumented similarity score. These instrumented values are then aggregated into (i)
average similarity across all lived experiences, and (ii) similarity of the primed experience (set to zero for the con-
trol group). Sample Similarity: similarity scores are defined relative to the sample-average similarity rating for
each experience category. Respondents who did not report an experience receive a value of zero. The same ag-
gregation as in the baseline (average similarity and primed similarity) is applied. Controls include age, education
fixed effects (base: no vocational/university education), occupation fixed effects (base: unemployed), urbaniza-
tion, net income, housing tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly
(not shown). Robust standard errors in parentheses. Significance levels: *** p < 0.01, ™ p < 0.05, * p < 0.10.
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Across specifications, the estimated coefficients on average similarity of experiences are
smaller than in Table 2.5 but remain sizable and significant. This attenuation is consistent with
our approaches purging both measurement error and transitory variation, but the results con-
firm that our findings are not driven by noise in individual ratings. For primed similarity, the
robustness checks reveal some differences across specifications. In the baseline, coefficients
are around 0.07-0.08 SD and highly significant. Both the IV and sample similarity specifica-

tions produce similar coefficients, pointing to the reliability of our similarity measures.

The results underscore the role of memory in experience effects, which rely on similarity,
and point to systematic heterogeneity of experience and priming effects. Having a given expe-
rience can be a source of strong pessimism about, say, inflation for a person who perceives the
experience and inflation to be very similar, but generates less or no pessimism for a person for
whom the experience feels dissimilar to inflation. In fact, having or being primed with a dis-
similar experience interferes with recall of similar experiences from the database, and reduces
pessimism. To investigate interference, we decompose the average similarity index into its
numerator and denominator: the numerator captures the total similarity across recalled expe-
riences, and the denominator is the total number of experiences recalled. Table B.17, columns
(1) and (2), shows that the numerator enters positively, while the denominator enters nega-
tively. This shows that, holding total similarity constant, recalling more experiences reduces
the overall effect on beliefs. When many experiences can be recalled, they interfere with each
other, affecting beliefs. To further assess robustness, in columns (3) and (4) we control for

inflation and home price growth backcasts, respectively.

Finally, Table B.18 examines the role of similarity separately for each primed experience.
Table 2.5 is also robust to using the ITT sample, which includes all subjects in our treatments,

as well as to excluding demographic controls, which reassuringly suggests that the effect of
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Table B.17: Experience Similarity, Interference, and Backcasts

TOT TOT
Inflation HPG Inflation HPG

(1) () 3) (4)

Total Similarity 0.03*** 0.02*** 0.03*** 0.01*
(0.01) (0.01) (0.01) (0.01)
Number of Experiences —0.05***  —0.01 —0.05*** —0.01
(0.02) (0.02) (0.02) (0.01)
Similarity Primed Experience 0.06***  0.05***  0.05"**  0.05"**
(0.02) (0.02) (0.02) (0.02)
Backcast 0.03*** 0.05***
(0.00) (0.00)
N 2,367 2,367 2,367 2,367
Controls Yes Yes Yes Yes
R? 0.13 0.07 0.22 0.25

Notes: This table decomposes the average similarity measure from Table 2.5 into its numerator (Total Similarity:
the sum of similarity ratings across all lived experiences) and denominator (Number of Experiences: the count
of experiences the respondent reported). Similarity Primed Experience is the similarity rating for the specific
experience assigned as the priming treatment. Columns (3)-(4) add the respondent’s backcast — their belief about
past inflation or home price growth over the preceding two years. All similarity variables are divided by their
unconditional SD. The sample is the TOT group in Wave 1 (N = 2,367). Controls include age, education fixed
effects (base: no vocational/university education), occupation fixed effects (base: unemployed), urbanization, net
income, housing tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly (not
shown). Robust standard errors in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

memory parameters is largely independent of our demographics. Allowing our similarity
proxies to also enter quadratically - i.e., giving higher weight to experiences that are deemed

more similar — yields comparable coefficients. Tables B.19 and B.20 report these robustness

checks.

Finally, Table B.21 restricts the analysis to the ITT-TOT sample: participants in the treatment

groups who did not have the experience they were treated with, together with control.
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Table B.18: Similarity on Different Primed Experiences

Inflation HPG

Health  Finance Health  Finance

(1) () ®3) (4)
Avg. Similarity 0.08%**  0.10™**  0.06™**  0.07***
(0.03) (0.03) (0.02) (0.03)

Similarity Primed Experience 0.06** 0.06***  0.07** 0.06™**
(0.03) (0.02) (0.03) (0.02)

N 1,912 1,739 1,912 1,739
Controls Yes Yes Yes Yes
R? 0.13 0.13 0.06 0.07

Notes: This table reports the Table 2.5 specification estimated separately for the health-primed and finance-primed
treatment arms, each compared with the control group. The dependent variables are the inflation (columns (1)-
(2)) and home price growth (HPG; columns (3)—-(4)) belief composite z-scores. “Avg. Similarity” is the average
similarity rating across all of the respondent’s lived experiences; “Similarity Primed Experience” is the similarity
rating for the experience assigned as the priming treatment (set to zero for the control group). All similarity
variables are divided by their unconditional SD pooled across persons and experiences. Sample: TOT (treatment
compliers), Wave 1, restricted to health-prime plus control (N = 1,912) in columns (1) and (3), and finance-
prime plus control (N = 1,739) in columns (2) and (4). Controls include age, education fixed effects (base: no
vocational/university education), occupation fixed effects (base: unemployed), urbanization, net income, housing
tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly (not shown). Robust

standard errors in parentheses. Significance levels: *** p < 0.01, ™ p < 0.05, * p < 0.10.
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Table B.19: Robustness of Similarity Effects (Panels A-B)

Panel A: ITT Sample
Inflation HPG

(1) (2)
Avg. Similarity Lived Experiences 0.09*** 0.07***
(0.03) (0.02)
Similarity Primed Experience 0.05"** 0.06™**
(0.02) (0.02)
N 2,433 2,433
Controls Yes Yes
R? 0.13 0.07
Sample ITT ITT

Panel B: No Controls
Inflation HPG

(1) (2)
Avg. Similarity Lived Experiences 0.13*** 0.09***
(0.03) (0.02)
Similarity Primed Experience 0.06"** 0.07***
(0.02) (0.02)
N 2,367 2,367
Controls No No
R? 0.02 0.02
Sample TOT TOT

Notes: This table reports robustness checks for Table 2.5. Panel A reports the Table 2.5 specification estimated
on the ITT sample (all treatment-assigned respondents, Wave 1, N = 2,433). Panel B reports the Table 2.5
specification without demographic controls (TOT group in Wave 1, N = 2,367). The dependent variables are
the inflation (column (1)) and home price growth (HPG; column (2)) belief composite z-scores. All similarity
variables are divided by their unconditional SD. Controls (where included): age, education fixed effects (base: no
vocational/university education), occupation fixed effects (base: unemployed), urbanization, net income, housing
tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly (not shown). Robust
standard errors in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table B.20: Robustness of Similarity Effects (Panels C-E)

Panel C: Quadratic Similarity

Inflation HPG

(1) )
Avg. Similarity Squared 0.09*** 0.07***
(0.03) (0.02)
Similarity Primed Squared 0.06*** 0.05%**
(0.02) (0.02)
N 2,367 2,367
Controls Yes Yes
R? 0.13 0.07

Panel D: Sample Similarity

Inflation HPG

(1) (2)
Avg. Similarity (Sample Mean) 0.10** 0.16™**
(0.05) (0.05)
Similarity Primed (Sample Mean) 0.07*** 0.07***
(0.02) (0.02)
N 2,367 2,367
Controls Yes Yes
R? 0.12 0.07

Panel E: IV Similarity

Inflation HPG

(1) )
Avg. Similarity (IV) 0.08"* 0.07**
(0.04) (0.03)
Similarity Primed (IV) 0.07*** 0.07***
(0.02) (0.02)
N 2,367 2,367
Controls Yes Yes
R? 0.12 0.07

Notes: This table reports three further robustness checks for Table 2.5. Panel C squares each individual similarity
rating (1-7 scale) before averaging across lived experiences, then standardizes the resulting averages (z-scored).
Panel D replaces individual ratings with the population-mean similarity for each experience (computed across all
Wave 1 respondents); each respondent’s measure is the average of these means across lived experiences. Panel E
instruments each respondent’s Wave 1 similarity rating with their Wave 2 rating and uses the fitted values. The
dependent variables are the inflation (column (1)) and home price growth (HPG; column (2)) belief composite
z-scores. All similarity variables are divided by their unconditional SD. Controls include age, education fixed
effects (base: no vocational/university education), occupation fixed effects (base: unemployed), urbanization, net
income, housing tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly (not
shown). Robust standard errors in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table B.21: Treatment without Primed Experience

No Experience Controls ~ With Experience Controls

Inflation HPG Inflation HPG

(1) (2 ®3) (4)

Finance Prime —0.04 —0.02 0.03 0.02
(0.04) (0.04) (0.04) (0.05)

Health Prime —0.04 0.05 —0.06 0.07
(0.04) (0.05) (0.05) (0.05)
Finance Experience 0.18*** 0.11**

(0.05) (0.05)

Health Experience —-0.10** 0.01
(0.04) (0.04)
N 2,730 2,730 2,730 2,730
Controls Yes Yes Yes Yes
R? 0.11 0.05 0.11 0.05

Notes: This table reports estimates for the subsample of respondents in the treatment groups who did not have
the experience they were primed with, pooled with the control group. Columns (1)-(2) include only the priming
dummies; columns (3)-(4) additionally control for whether the respondent had a finance or health adversity.
Controls include age, education fixed effects (base: no vocational/university education), occupation fixed effects
(base: unemployed), urbanization, net income, housing tenure fixed effects (base: tenant), gender, relationship

*kk

status, and beliefs about elderly (not shown). Robust standard errors in parentheses. Significance levels:
p < 0.01, " p < 0.05,* p < 0.10.

The results show that the treatment given to people without the experience (which con-
sisted of asking whether they had the experience, but without the subsequent retrieval task)

has no effect on their beliefs.

B.4.2 Quantification

Dependent Variable Construction. The dependent variable in Tables 2.3, 2.4, and 2.5 is a
composite z-score of macroeconomic beliefs. For inflation, it is the average of the z-scored
point forecast (expected 1-year inflation rate, in percentage points) and the z-scored threshold

belief (probability of inflation exceeding 7%, on a 0-10 scale), re-standardized within wave.
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The housing composite is constructed analogously from the z-scored expected 2-year home

price growth rate and the z-scored probability of house price increases.

General Conversion Formula. To convert a composite z-score coefficient to underlying units:

Effect = ﬁcomposite X loading X SDoutcome;

where the loading is the regression coefficient of the standardized underlying measure on
the composite z-score, and SD,yicome is the SD of the underlying measure in its natural units
(percentage points or 0-10 scale). Because the composite is the re-standardized average of two
equally weighted z-scores, the loading is the same for both underlying measures within each

domain.

Conversion Parameters. The conversion parameters are computed on Wave 1 across all re-

spondents and are reported in Table B.22.

As an example, consider Tables 2.3 and 2.4. The Finance Experience coefficient in Table 2.3
(TOT, inflation) is 8 = 0.1815. Converting to point forecast p.p.: 0.1815 x 0.8307 x 8.4017 =
1.27 p.p. The Finance Prime coeflicient in Table 2.4 (TOT, inflation) is 5 = 0.1388. Converting:

0.1388 x 6.9793 = 0.97 p.p.

For Table 2.5, the similarity variables are divided by their unconditional SD (pooled across
all persons and 10 experiences). The same conversion formula applies: multiply the composite
z-score coefficient by the loading and SD_outcome to obtain p.p. effects. For the quantification
in Section 2.5.2, the population-mean similarity shift is expressed in units of the person-level
average similarity SD, which requires an additional rescaling factor (pooled SD / SD of person

average).
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Table B.22: Conversion Parameters for Composite z-Score Coeflicients (Wave 1)

Outcome Loading SD Product

Point Forecasts (%)

Inflation 0.83 8.40 6.98
HPG 0.85 7.55 6.44
Threshold Forecast (0-10)

Inflation 0.83 2.48 2.06
HPG 0.85 2.42 2.07

Notes: This table reports the conversion parameters used to translate composite z-score coefficients into underly-
ing outcome units. Loadings are regression coefficients of the standardized underlying measure on the composite
z-score. SDs are computed on Wave 1 in the natural units of each underlying measure (percentage points for
point forecasts, 0-10 scale for threshold beliefs). The product loading x SD converts a composite z-score coef-
ficient into the underlying outcome units. Values shown are rounded to two decimals; the unrounded loadings

and SDs are used in the worked example below.
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B.5 Further Results on Reasoning

B.5.1 Protocol for Extraction of Valence and Context

We classify each open-ended response along two dimensions: the logic of reasoning (personal
vs. news-based) and the emotional valence (negative, positive/calm, or neutral/factual). Clas-
sifications are produced by GPT-4 using the prompts reproduced below. To validate the GPT-
based classification, we hand-coded a random subsample of responses and compared human
and GPT labels. Table B.23 reports the resulting confusion matrices for inflation and home

price growth, both for the logic and the valence dimensions.
Inflation Logic — Prompt.
Task: You are a text classification model. Given a piece of text, classify it into one of the

following categories:

« Personal Logic: The response uses personal experiences, financial situations, or

individual observations to form an inflation expectation.

« News-Based Logic: The response references media, government policies, central banks,

economic reports, or broader economic events.

+ Unclear/Other: The response does not clearly fit into the above categories.
Examples:

« Text: “I think inflation will go up because my rent increased”

o Category: Personal Logic
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Table B.23: GPT Classification Confusion Table

Panel A: Inflation Reasoning

GPT: Personal GPT:News GPT: Unclear Total

Human: Personal 95 (75.4%) 6 (4.8%) 25 (19.8%) 126
Human: News 23 (12.4%) 133 (71.9%) 29 (15.7%) 185
Human: Unclear 32 (23.0%) 11 (7.9%) 96 (69.1%) 139
Total 150 150 150 450

Notes: Overall agreement: 324/450 (72.0%). Cohen’s x = 0.580. Per-category accuracy: Personal 95/126 (75.4%);
News 133/185 (71.9%); Unclear 96/139 (69.1%).

Panel B: HPG Reasoning

GPT: Personal GPT: News GPT: Unclear Total

Human: Personal 96 (85.0%) 8 (7.1%) 9 (8.0%) 113
Human: News 4(3.8%) 86 (82.7%) 14 (13.5%) 104
Human: Unclear 49 (21.2%) 55 (23.8%) 127 (55.0%) 231

Total 149 149 150 448

Notes: Overall agreement: 309/448 (69.0%). Cohen’s k = 0.534. Per-category accuracy: Personal 96/113 (85.0%);
News 86/104 (82.7%); Unclear 127/231 (55.0%).

Panel C: Inflation Valence

GPT: Negative  GPT: Neutral/ GPT: Positive/ GPT: Total
Affect Factual Calm Affect  Uninformative
Human: Negative Affect 53 (82.8%) 10 (15.6%) 1(1.6%) 0 (0.0%) 64
Human: Neutral/Factual 4(11.8%) 30 (88.2%) 0 (0.0%) 0(0.0%) 34
Human: Positive/Calm Affect 1(1.4%) 11 (15.5%) 59 (83.1%) 0(0.0%) 71
Human: Uninformative 2 (2.8%) 9(12.7%) 0 (0.0%) 60 (84.5%) 71
Total 60 60 60 60 240

Panel D: HPG Valence

GPT: Negative  GPT: Neutral/ GPT: Positive/ GPT: Total
Affect Factual Calm Affect  Uninformative
Human: Negative Affect 58 (89.2%) 7 (10.8%) 0 (0.0%) 0 (0.0%) 65
Human: Neutral/Factual 1(2.2%) 44 (95.7%) 1(2.2%) 0 (0.0%) 46
Human: Positive/Calm Affect 0 (0.0%) 8 (11.9%) 59 (88.1%) 0 (0.0%) 67
Human: Uninformative 1(1.6%) 1(1.6%) 0 (0.0%) 60 (96.8%) 62
Total 60 60 60 60 240

Notes: This table reports confusion matrices comparing GPT-based classifications to a hand-coded validation
subsample. Diagonal cells report correctly classified responses; off-diagonal cells report misclassifications. Pan-
els A and B classify the logic of reasoning (Personal, News-Based, Unclear/Other); Panels C and D classify the

emotional valence (Negative Affect, Neutral/Factual, Positive/Calm Affect, Uninformative).
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« Text: “The prices of living continue to rise. If you have an outing, you will spend much
more. In general, life has become much more expensive.”

o Category: Personal Logic

« Text: “Inflation is expected to decrease since the central bank is cutting rates.”

o Category: News-Based Logic

« Text: “State of the economy. Future uncertain due to wars and new cabinet.”

o Category: News-Based Logic

« Text: “I don’t know, I don’t follow the economy.”

o Category: Unclear/Other

« Text: “I don’t really know anything about it, so any answer would be a shot in the dark”

o Category: Unclear/Other

Home Price Growth Logic — Prompt.

Task: You are a text classification model. Given a piece of text, classify it into one of the

following categories:

+ Personal Logic: The respondent references their own experience or someone close to
them (e.g., buying/selling a house, children struggling to buy, local prices, personal

emotions).

« News-Based Logic: The respondent references media reports, economic trends, interest

rates, forecasts, policies, or government decisions.
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+ Unclear/Other: The response lacks clear reasoning or is vague, generic, or irrelevant.

Examples:

Text: “My daughter can’t find an affordable house.”

o Category: Personal Logic

Text: “Interest rates are rising, so prices will go down.”

o Category: News-Based Logic

Text: “I don’t know.”

o Category: Unclear/Other

Text: “Everyone says houses are getting more expensive.”

o Category: News-Based Logic

Text: “I live in a big house and feel guilty”

o Category: Personal Logic

Emotional Valence — Prompt.

Task: You are an expert text classifier. Your task is to classify the emotional tone of a
respondent’s answer about economic expectations. Important: Focus on how the person feels,
not on what they predict will happen. A respondent may expect high inflation but feel calm,

or expect stable prices but feel anxious. The classification should reflect emotional tone only.
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Categories:

« Negative Affect: Negative emotions dominate, such as worry, anxiety, frustration,
anger, fear, hopelessness, stress, feeling overwhelmed, bitterness, or complaint. This

includes resigned negativity (e.g., “nothing we can do about it” expressed with defeat).

+ Positive/Calm Affect: Positive emotions or genuine equanimity dominate, such as

optimism, relief, hope, confidence, reassurance, or calm acceptance without distress.

+ Unclear / No Emotional Signal: The response is purely factual, too brief to interpret,
or contains no discernible emotional content. Use this category only when emotional

tone cannot reasonably be inferred.

If emotions are mixed, classify according to the dominant tone.

Response Format: Respond with only one of the following:

« “Negative Affect”
« “Positive/Calm Affect”

« “Unclear / No Emotional Signal”

Examples:

« Text: “T just can’t keep up anymore. It’s exhausting.”

o Category: Negative Affect

« Text: “Prices went up 4% last year”

o Category: Unclear / No Emotional Signal
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« Text: “Things are stabilizing and I'm feeling better about it.”

o Category: Positive/Calm Affect

o Text: “It’s scary. I don’t know how we’ll manage”

o Category: Negative Affect

« Text: “Inflation is a normal part of the economy””

o Category: Unclear / No Emotional Signal

« Text: “I'm not too worried, these things balance out.

o Category: Positive/Calm Affect

« Text: “The government has completely mismanaged this”

o Category: Negative Affect

o Text: “I don’t know”

o Category: Unclear / No Emotional Signal

« Text: “We’ll manage somehow, we always do.”

o Category: Positive/Calm Affect

« Text: “What can you do, that’s just how it goes.”

o Category: Unclear / No Emotional Signal

The next two tables show example responses by reasoning logic and valence, for inflation

(Table B.24) and home price growth (Table B.25).
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Table B.24: Example Responses by Logic and Valence: Inflation

Logic Valence N Example

Personal Negative 802 “My first thought was: Should I invest my savings differently? But
how? Then I decided not to put any more energy into it”

“That it will all be even more expensive and people will get into even
more trouble”

“Too bad everything has to be more expensive again. I hope that
wages will also increase enormously, just like benefits”

Personal Positive/Calm 106 “Thinking back, I see the inflation of a few years ago, which was
completely derailing. At that moment I thought for a moment that it
would not be okay. I now see that it is normalizing again”

“Thope that the rates do not increase as a result of the Ukraine/Russia
war. [ think of my children who are still studying, hopefully they will
also get great opportunities”

“I have the feeling that it stabilizes. As a result, I entered a lower
number”

Personal Neutral/Factual 679 “Lower inflation means lower interest rates, which is good for the
price of my shares.”

“Prices are currently rising enormously on all fronts”
“that everything is getting more expensive”
Personal Uninformative 3 “Expensive groceries”
“Increased wages”
“Grocery prices”

News-Based Negative 111 “Everything is getting more expensive war Ukraine high prices noth-
ing is going down”

“THE economy, energy problem, billions that are gone due to the
influx of refugees, war threat with Russia”
“In recent years you can no longer think of stable inflation...”

News-Based Positive/Calm 33 “The news is not so gloomy about rising inflation. Price increases are
levelling off and the economy is developing positively””

“I think they have the prices under control again so I don’t expect
too much of an increase”

“I'm not so afraid of high inflation, the main reason could probably
be energy prices, but I don’t see that escalating...”

News-Based Neutral/Factual 588 “Inflation is very likely, but less robust than in recent years. At least,
that’s what is predicted and I have read here and there in the media.”
“Iread about a lack of housing, which will cause house prices to rise.”
“The temporary increase in energy and the subsequent increase in
wages is behind us. Inflation is returning to fairly normal, around
2%

News-Based Uninformative 1 “War, cabinet”

Unclear/Other Negative 254 “Life becomes difficult”

“just keep it low. but I think it’s not going well. taxes, energy, climate
etc”
“It remains a difficult matter”
Unclear/Other Positive/Calm 84 “well honestly I don’t concern myself with that at all”
“they have it under control”
“I think it won’t be too bad”

Unclear/Other Neutral/Factual 789 “boring, has been high lately, but I think we are in a downward trend”
“The last question was not credible”

“News items on this topic. Own experiences. Experiences of friends
and family”

Unclear/Other Uninformative 394 “shop”

“War”

Notes: This table shows example inflation-reasoning responses for each combination of reasoning logic (Personal,
News-Based, Unclear/Other) and valence (Negative, Positive/Calm, Neutral/Factual, Uninformative). N is the
number of responses in each category (full sample, N = 3,813).
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Table B.25: Example Responses by Logic and Valence: Home Price Growth

Logic Valence N Example
Personal Negative 506 “Houses are far too expensive. Will not be built for the middle class”
“I especially hope that house prices will fall. It’s too crazy for words
how much you pay for an owner-occupied house these days”
“I hope not. It is a disaster for our youth who have nowhere to live”
Personal Positive/Calm 106 “I thought there will not be a strong higher price immediately and I
also don’t want to buy another house in the near future. So it doesn’t
really matter to me.”
“Fortunately, I was able to buy a house well and for the time being it
doesn’t matter to us.”
“Good for us, we own a house”
Personal Neutral/Factual 308 “My house has become much more valuable in a short time”
“The rent is becoming more and more”
“The value of our house has almost doubled 6 years after purchase...”
News-Based Negative 298 “It is almost impossible for first-time buyers to buy a house.”
“House prices have been driven up for decades by speculators and
other commercial parties.”
“The limits of affordability are in sight”
News-Based Positive/Calm 24 “The increase in prices can’t rise much more, can it? Hopefully, the
demand for houses will decrease”
“Increases are over. Now more stability.”
“The current government seems to want to prevent this.”
News-Based Neutral/Factual 1,215 “Despite everything, house prices continue to rise, it was also just in
the newspaper”
“Housing market is overvalued due to housing shortage”
“Rents rise along with owner-occupied houses”
News-Based Uninformative 5 “Higher”
“Only higher”
“Newspaper reports.”
Unclear/Other Negative 224 “Genuine? Is this necessary? Difficult”
“the price of a house is irresponsible, people want to earn it has be-
come an obsession”
“No one can justify that in this day and age”
Unclear/Other Positive/Calm 46 “I am not concerned with house prices at all”
“I don’t know but hope that it is now well done with those price
increases”
“Hopefully there will be a new angle for houses for the elderly”
Unclear/Other Neutral/Factual 639 “Also difficult to answer”
“felt that it will not rise yet but not much more”
“I don’t know what the housing market will do.”
Unclear/Other Uninformative 471 “No”

“No experience”

«

Notes: This table shows example home-price-growth-reasoning responses for each combination of reasoning
logic (Personal, News-Based, Unclear/Other) and valence (Negative, Positive/Calm, Neutral/Factual, Uninforma-
tive). IV is the number of responses in each category (full sample, N = 3,813).

B.5.2 Robustness on Backcasts and Reasoning

Table B.26 presents Table 2.6 with all covariates.
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Table B.26: Backcasts, Context, and Valence with Covariates

Backcasts (%) Pers. or Neg.
Inflation HPG  Inflation HPG

(1) ) ®3) (4)

Finance Prime 1.83***  1.24** 0.10***  0.12***
(0.58)  (0.53)  (0.03)  (0.03)
Health Prime 0.94* 0.36 0.06* 0.08***
(0.48)  (0.39)  (0.02)  (0.02)
Age —0.09*** —0.08*** —0.00  —0.00
0.02)  (0.02)  (0.00)  (0.00)
Education: Vocational 0.02 0.43 0.02 0.06**
(0.51)  (045)  (0.02)  (0.02)
Education: University -0.62 —-046 —0.09** 0.02
(0.65)  (0.59)  (0.04)  (0.03)
Occupation: Employed —-2.35"** -0.79  —-0.03  —0.05*
(0.75)  (0.64)  (0.03)  (0.03)
Occupation: Self-Employed ~ —0.40 0.10 -0.01  -0.10**
(1.10)  (0.98)  (0.05)  (0.05)
Occupation: Student —7.03"** —3.82*** 0.08 0.06
(143)  (1.38)  (0.08)  (0.09)
Occupation: Retired 177 0.12 —-0.056  —0.06*
(0.72)  (0.56)  (0.03)  (0.03)
Urbanization 0.26 0.10 0.00 —0.01
(0.17)  (0.15)  (0.01)  (0.01)
Net Income —0.00"* —0.00 —0.00 0.00***
(0.00)  (0.00)  (0.00)  (0.00)
Housing: Owner 0.22 -042 —-0.02 —0.00
(0.53)  (0.49)  (0.02)  (0.02)
Male —-0.77*  —0.63  —0.12*** —0.10***
(0.42)  (0.38)  (0.02)  (0.02)
Has Partner —0.17 0.21 -0.01  —-0.03
(0.46)  (0.42)  (0.02)  (0.02)
Beliefs about Elderly 0.87***  1.13***  0.00 —0.01
(0.28)  (0.29)  (0.01)  (0.01)
Constant 18.26™*  14.41"** 0.67***  0.37***
(157)  (141)  (0.07)  (0.07)
N 2,367 2,367 2,367 2,367
R? 0.05 0.04 0.04 0.03

Notes: This table reports OLS regressions. Sample: TOT (treatment compliers), Wave 1. Columns (1)-(2): de-
pendent variable is backcast of inflation/home price growth (HPG; % change, winsorized at 2nd and 98th per-
centiles). Columns (3)—(4): dependent variable is an indicator equal to 1 if the respondent’s reasoning is classified
as using personal logic OR negative affect. Robust standard errors in parentheses. Base categories: no voca-

tional/university education, unemployed, tenant. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table B.27 shows that, in line with Prediction 3, priming moves people toward personal
logic and negative valence (jointly, a stronger result than that in Table 2.6, columns (1) and
(2)), away from news-based logic (columns (3) and (4)), and that among news-based reasoning,
priming increases the prevalence of negative valence (columns (5) and (6)).

Table B.27: Priming and Reasoning

Personal AND Negative News-Based Logic Negative in News-Based

Inflation HPG Inflation HPG  Inflation HPG
(1) ) 3) (4) (5 (6)
Finance Prime 0.08*** 0.08*** —-0.04* —0.11*** 0.08* 0.15%**
(0.02) (0.02) 0.02)  (0.02)  (0.05) (0.04)
Health Prime 0.05** 0.09*** —0.04** —0.01 0.11%** 0.09***
(0.02) (0.02) 0.02)  (0.02)  (0.04) (0.03)
N 2,367 2,367 2,353 2,359 517 880
Controls Yes Yes Yes Yes Yes Yes
R? 0.03 0.04 0.05 0.05 0.08 0.04

Notes: This table reports OLS regressions. Sample: TOT (treatment compliers), Wave 1. Controls include age,
education fixed effects (base: no vocational/university education), occupation fixed effects (base: unemployed),
urbanization, net income, housing tenure fixed effects (base: tenant), gender, relationship status, and beliefs
about elderly (not shown). Robust standard errors in parentheses. Columns (1) and (2): dependent variable is an
indicator equal to 1 if the respondent’s reasoning is classified as both personal logic and negative affect (24% for
inflation, 14% for home price growth). This contrasts with the main table (Table 2.6), where the dependent variable
uses an OR condition. Columns (3) and (4): dependent variable is an indicator equal to 1 if the respondent’s
reasoning is classified as purely news-based logic (excluding mixed categories). Negative coefficients indicate
that priming moves respondents away from news-based reasoning. Columns (5) and (6): sample restricted to
TOT respondents (Wave 1) whose reasoning is classified as purely news-based logic (N = 517 for inflation,
N = 880 for home price growth). Dependent variable is an indicator equal to 1 if the respondent’s reasoning
exhibits negative affect. Positive coefficients indicate that even among those using news-based reasoning, priming
increases the prevalence of negative valence. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

B.5.3 Similarity between Reasons and Primed Recall

The simulation function o7 (e) translates the features (x, v, ¢) of the recalled experience into
a forecast. Intuitively, then, reasoning about the forecast should incorporate features that

are similar to those of the simulator e. To test this mechanism, we measure the text-based
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similarity of Inflation or Home Price Growth reasoning to text descriptions of primed NDS
adversities. According to Prediction 3, the similarity of reasoning about ¢ to the description

of e, should be greater in pT than in Control.

To ensure that our results are not mechanically due to the similarity of a person’s writing
style across their recall and forecasting tasks, we compare a given participant’s reasoning
in pT to the description of e, by other respondents in the same pT treatment. To compute
reasoning similarity, we use sentence embeddings generated by a pre-trained Sentence-BERT
model, which generates 384-dimensional vector representations of open text optimized for
semantic comparison. Cosine similarity is then computed between two texts and ranges from

—1 (opposite meaning) to +1 (identical meaning).

Table B.28 Panel A shows the results. The Inflation and Home Price Growth reason-
ing of subjects in fT (Finance TOT, left) is more similar to descriptions of financial adversity
compared to Control subjects. The effect is weaker for Home Price Growth, consistent with
a smaller role of fT in this domain. The same is true for participants treated with recall of
health adversities (Health TOT, right). Panel B documents a similar role of spontaneous recall:
people who have lived e, exhibit reasoning more similar to the description of e, compared
to people who have not lived the same experience. This holds for finance but not for health,
consistent with the finding of Tables 2.3 and 2.4 that health adversity does not exhibit a sig-
nificant experience effect. This suggests that the reasoning of people with experience tracks

the content of the recalled adversity.

In Panel C, we compare the reasoning of people who have lived e, with and without prim-
ing of p, and find no statistical difference. This suggests that experience and priming effects

arise from the same memory mechanism, shaping beliefs through retrieval and reasoning.
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Table B.28: Similarity of Reasoning Mode and NDS Recall

Panel A: Participants in Treatment p

Inflation (TOT) HPG (TOT)

Finance — Control Health — Control Finance — Control Health — Control
Difference (p-value)  Difference (p-value)  Difference (p-value)  Difference (p-value)

1) @ ®3) 4

Similarity to Finance 40.02 (0.00)*** 40.00 (0.23)
Similarity to Health +0.01 (0.02)** 40.01 (0.05)*

Panel B: Participants in Control Group with Experience p

Inflation HPG

Finance — Control Health — Control Finance — Control Health — Control
Difference (p-value)  Difference (p-value)  Difference (p-value)  Difference (p-value)

1) @) ®) O

Similarity to Finance +0.01 (0.03)** +0.02 (0.00)***
Similarity to Health —0.00 (0.76) +0.01 (0.11)

Panel C: Treatment p (TOT) vs. Participants in Control Group with Experience p

Inflation HPG

Finance TOT — Health TOT — Finance TOT — Health TOT —
Control with Control with Control with Control with
Finance Experience  Health Experience  Finance Experience  Health Experience
Difference (p-value) Difference (p-value) Difference (p-value) Difference (p-value)

(1) )] (©) (O]

Similarity to Finance +0.01 (0.22) +0.01 (0.34)
Similarity to Health +0.01 (0.34) —0.00 (0.62)

Notes: This table reports cosine similarity, computed using a Sentence-BERT model (all-MiniLM-L6-v2), between
each respondent’s macroeconomic reasoning and the pooled leave-one-out corpus of adversity descriptions from
the treatment group. Leave-one-out is applied for TOT participants; control participants are compared to the full
corpus. Panel A compares similarity across fT and Control (first row) and AT and Control (second row). Panel
B repeats the analysis for participants in the control group who reported having had either a finance or a health
adversity. Panel C compares TOT participants (who were primed with adversity p and had the experience) to
control participants who reported having had experience p but received no prime; this tests whether experimental
priming adds to reasoning similarity beyond what personal experience alone provides. None of the differences in
Panel C are statistically significant, suggesting that priming does not significantly increase reasoning similarity
beyond what personal experience alone provides. Differences correspond to two-sided independent-sample ¢-
tests; effect sizes are expressed as differences in mean cosine similarity scores. Sample sizes: Finance TOT N =
454, Control with Finance Experience N = 470; Health TOT N = 627, Control with Health Experience N = 90.
Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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B.5.4 Reasoning and Beliefs

Table B.29 estimates the IV specifications separately by treatment arm, and Table B.30 presents

Table 2.7 with all covariates.

Table B.29: Robustness, Treatment Level

Health Treatment Finance Treatment

Inflation HPG Inflation HPG Inflation HPG Inflation HPG

1) @) ©) 4 ) (6) Y ®)

Backcast (Predicted) 0.12* 0.44 0.13%**  0.18***
(0.07)  (0.53) 0.04)  (0.07)

Personal or Negative (Predicted) 1.64* 1.50** 2.24%%*  1,79%%*

(0.89)  (0.68) 0.70)  (0.53)
N 1,912 1,912 1,912 1,912 1,739 1,739 1,739 1,739
Controls Yes Yes Yes Yes Yes Yes Yes Yes
R? —-0.65 —11.53 —-0.34 —-0.44 -064 —-1.47 —-0.74 —-0.65
KP F-stat 3.20 0.57 7.04 13.51 10.79 6.15 16.52 25.58

Notes: This table reports two-stage least squares (2SLS) regressions, with each treatment arm estimated sepa-
rately against the control group. Sample: TOT (treatment compliers), Wave 1. Dependent variable: composite
belief z-score. Columns (1)-(4) restrict the sample to health prime and control participants (N = 1,912); columns
(5)—(8) restrict to finance prime and control participants (N = 1,739). In columns (1)-(2) and (5)-(6), the instru-
mented variable is the backcast (recalled past inflation or home price change). In columns (3)-(4) and (7)—(8), the
instrumented variable is an indicator for personal logic or negative affect. The instrument is the relevant treat-
ment dummy (health prime in columns (1)-(4), finance prime in columns (5)—(8)). Controls include age, education
fixed effects (base: no vocational/university education), occupation fixed effects (base: unemployed), urbaniza-
tion, net income, housing tenure fixed effects (base: tenant), gender, relationship status, and beliefs about elderly
(not shown). Robust standard errors in parentheses. The Kleibergen-Paap F-statistic tests instrument relevance.
Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table B.30: Beliefs and Predicted Backcasts, Context, and Valence with Covariates

Backcast Personal or Negative
(Predicted) (Predicted)
Inflation HPG Inflation HPG
1 @ ®) O]
Predicted Variable 0.12***  0.18***  2.20*** 1.78***
(0.04) (0.07) (0.70) (0.52)
Age 0.00 0.00 —0.01***  —0.01***
(0.00) (0.01) (0.00) (0.00)
Education: Vocational —0.07 —0.07 —0.12* —0.05
(0.07) (0.08) (0.07) (0.06)
Education: University -0.11 —0.02 0.01 0.04
(0.08) (0.10) (0.11) (0.08)
Occupation: Employed 0.27** 0.05 0.04 —0.04
(0.13) (0.12) (0.09) (0.08)
Occupation: Self-Employed 0.04 0.03 0.02 0.09
(0.15) (0.17) (0.14) (0.13)
Occupation: Student 0.44 0.31 —0.60*** —0.48**
(0.31) (0.34) (0.22) (0.19)
Occupation: Retired 0.18* —0.07 0.08 —0.02
(0.11) (0.09) (0.10) (0.08)
Urbanization —0.03 —0.00 —0.00 0.03
(0.02) (0.02) (0.02) (0.02)
Net Income —0.00* 0.00 —0.00*** —0.00**
(0.00) (0.00) (0.00) (0.00)
Housing: Owner —0.27*** —0.15*  —0.20*** —0.18***
(0.07) (0.08) (0.06) (0.06)
Male —0.09 0.03 0.07 0.10
(0.06) (0.08) (0.10) (0.07)
Has Partner 0.06 0.01 0.06 0.11*
(0.06) (0.07) (0.06) (0.06)
Beliefs about Elderly 0.06 —-0.10 0.15%** 0.12%**
(0.05) (0.09) (0.04) (0.03)
Constant —1.16 —1.70* —0.40 0.17
(0.74) (1.02) (0.52) (0.27)
N 2,367 2,367 2,367 2,367
R? —0.54  —0.96  —0.62 —0.55
KP F-stat 5.64 2.76 7.59 12.44

Notes: This table reports two-stage least squares (2SLS) regressions. Sample: TOT (treatment compliers), Wave 1.
Dependent variable: composite belief z-score (average of z-scored point forecast and z-scored threshold belief,
re-standardized within wave). In columns (1) and (2), the predicted (instrumented) variable is the backcast -
the respondent’s recalled past inflation or home price change. In columns (3) and (4), the predicted variable is
an indicator equal to 1 if the respondent’s reasoning is classified as personal logic OR exhibits negative affect.
In both cases, the instruments are the randomly assigned treatment dummies (health prime and finance prime).
Controls include age, education fixed effects (base: no vocational/university education), occupation fixed effects
(base: unemployed), urbanization, net income, housing tenure fixed effects (base: tenant), gender, relationship
status, and beliefs about elderly. Robust standard errors in parentheses. The Kleibergen-Paap F-statistic tests
instrument relevance. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Quantification of Reasoning Analysis. To quantify the effects of treatments on reasoning

(Table 2.6) and subsequently on beliefs (Table 2.7), we apply the conversion methodology

Effect, ,. = 5. x loading X SDpeint-

The conversion parameters are computed on TOT Wave 1 and are reported in Table B.31.

Table B.31: Conversion Parameters for Composite z-Score Coeflicients (TOT Wave 1)

Outcome Loading SD Product

Point Forecasts (%)

Inflation 0.84 8.73 7.36
HPG 0.86 7.52 6.43

Notes: This table reports the conversion parameters used to translate composite z-score coefficients into underly-
ing outcome units. Loadings are regression coefficients of the standardized underlying measure on the composite
z-score. SDs are computed on TOT Wave 1 in the natural units of each underlying measure (percentage points for
point forecasts). The product loading x SD converts a composite z-score coefficient into the underlying outcome
units. Mean forecasts: Inflation 5.71 p.p., Home Price Growth 6.60 p.p.

As an example, consider Table 2.6. Backcasts are already in percentage points, so finance
priming raises inflation backcasts by 1.83 p.p. and home price growth backcasts by 1.24 p.p.
For Personal or Negative reasoning, the p.p. change in probability is given by the coeflicient

x 100; finance priming increases the probability of personal/negative reasoning by 9.7 p.p.

(inflation) and 12.0 p.p. (home price growth).

For Table 2.7, the same conversion formula applies. A 1 p.p. increase in predicted backcast
raises inflation forecasts by 0.93 p.p. and home price growth forecasts by 1.16 p.p. Moving
from 0 to 1 on predicted personal/negative reasoning raises inflation forecasts by 15.51 p.p.
and home price growth forecasts by 10.99 p.p. Hansen J p-values (0.96, 0.22 for backcast; 0.56,

0.71 for personal/negative) do not reject overidentification.
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Appendix C

Appendix to Chapter 3

C.1  Proofs and Analytic Derivations

C.1.1 Retrieval Slope and Smooth Similarity Alternatives

Proof. Let S(e,q) = exp{n s(e,q)} and write the recall probabilities as

8(67 q) Net /
TB<Q7D):—77 Z(QaD)E S(G7Q)ne’,t-
Z(q, D) ;
Differentiating log . with respect to z,
dlogr.  Os(e,q) 10z
or, " Jz, Z 0z,

and the second term is the recall-weighted average of the first by the standard exponential-

family identity:

107 os(é, ds
=a. - Z%’(%D)U (l’ q> = Er(n_)

Z 0z,
e'ek
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Therefore

ore ds(e, q) Os
Org " (77 I = (77 axq)) .

Applying the chain rule to M(q, D) = > _r.(q, D) o(e) and substituting the expression for
Ore/0x,,

o = ot g = Yool (15 B (n 5 )).

ecE

The sum splits into two recall-weighted averages, the first joint and the second a product:

o = B (aten ) = Elo@nE (15 ) = Cov(atehn 5oL,

which is (3.10).

Two-Type Reduction. In the two-type case with the kernel (3.8), o(e;) = —z* and o(ey) =
x*. For z, € (—x*, z*), the partial derivatives of the kernel in the feature dimension reduce to
0s(er,q)/0xy = —1 and Os(epy, q)/ 0z, = +1. Substituting into (3.10) and using r, + g = 1

together with ry — r;, = — tanh(w;/2) from Appendix C.1.2 gives

oM

_ * . o 2 _ * 2&
a—xq—nx [1—(ry TL)}—nxsech< )

2

The slope is largest at w, = 0 (balanced recall), where sech?(0) = 1, and vanishes as |w;| — 00

(recall concentrated on one type).

Smooth Alternatives. The Laplace form —|z, — z.| is nondifferentiable at z, = z.. Equa-

tion (3.10) holds wherever the kernel is differentiable; alternatives that smooth the kink, such
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as —((zy — z.)? +€?) "2 for small e > 0 or the squared-distance form — (z,—x)%/(202), sat-
isfy the same identity. Under the squared-distance form, the covariance reduces to OM /0x, =
(n/o?) Var,(z.), with the same qualitative dependence on the dispersion of the recall distri-

bution.

C.1.2 Two-Type Closed Form and Generalization

This appendix derives the closed form for M (q;, D;) used in Section 3.3.3 and discusses what

generalizes beyond the two-type case.

Derivation of (3.9). In the two-type case, the recall probabilities 1 (q;, D;) and ry(q;, D;)

satisfy 7, + ry = 1. Substituting o(e;,) = —z* and o(ey) = z* into (3.7) gives
M(q,Dy) = rpoler) +ryoley) = z* (rg —rp).

Using the definition w; = log(ry/ry) together with v, + ry = 1 yields r, = e“ /(1 4 %)

andry = 1/(1 4 e*t), so

Combining the two displayed lines gives M (q;, D;) = —z* tanh(w,/2), which is (3.9).

Generalization Beyond Two Types. For a general database D; = {n.t}.cp with |E| > 2,
the mnemonic expectation (3.7) is the recall-weighted average of o(e) = z. across all types

in F. The closed-form tanh expression no longer holds, but the qualitative properties used
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in the body of the chapter survive: M tracks the feature of the type or types on which recall
concentrates, and M is most sensitive to the cue when recall is balanced across rival types.
The within-period multiplier (Proposition 2) is stated for general databases. The multiplicity
(Proposition 3), hysteresis (Proposition 4), and basin-asymmetry (Proposition 5) results use
the two-type structure for explicit threshold comparisons; their qualitative content does not

depend on the two-type structure, but stating them in closed form does.

C.1.3 Confidence Multiplier

Proof. Implicit differentiation of the fixed-point equation ¢ = a+ ®(M(q(c¢,n), D)), with D

predetermined.

Differentiating with respect to a at fixed n,

Jc , dM

Since M depends on a only through ¢, dM /da = M..- Oc/0a, where M, = dM (q(c,n), D)/dc

is the total derivative of M along the cue mapping. Substituting and solving,

oc 1

da  1—&(M)M,

Differentiating with respect to n at fixed a,

Oc dM
5 (M) 22
on ()dn’

where dM/dn has a direct component (through the feature channel: dx,/0On = 1) and an
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indirect component (through c):

dM Oc

— = M, + M, —.

dn + on
Substituting and solving,

dc O'(M) M,

on  1—®(M)M,

Under the kernel of Section 3.3.2, M, = M, in the interior of each sign region of v,

(Appendix C.1.4), so ®'(M) M. =T, and the multipliers reduce to (3.11).

C.1.4 Full-Channel Multiplier

The total derivative of M with respect to ¢ along the cue mapping ¢(c,n) = (¢ +n, V(c —

&) +n?, & +nb) is, by the chain rule,

where M, = OM/0x,, M, = OM/0v,, and My = OM/0¢, are partial derivatives of the
mnemonic expectation in each cue dimension. Since §;, = & + nf is independent of ¢, the third

term vanishes. Computing the remaining derivatives along the cue mapping,

M, = M, + M,V'(c—¢). (C.1)

Under the kernel of Section 3.3.2, the valence congruence enters through the indica-

tor 1{sign(v,) = sign(v.)}, which is locally constant on each sign region of v,. Therefore
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ds(e,q)/0v, = 0 for v, # 0, and by Proposition 1’s covariance form,

M, = Cov,(o(e), nds(e,q)/0v,) = 0 for v, # 0.

Hence M. = M, in the interior of each sign region, and ®'(M) M, = T in those regions.
Under smooth alternatives for the valence congruence (such as A tanh(g v,v.) for g > 0), M,
is generally nonzero and (C.1) enters the multiplier in place of M,. The qualitative content of

Proposition 2 is preserved.

C.1.5 Static Multiplicity

Regularity Conditions. Proposition 3 relies on three conditions on the map F'(c; D, a) de-

fined by (3.12):

(i) Continuity: F'is continuous in c.

(ii) Tail-crossing: F(c; D,a) — ¢ > 0 for ¢ sufficiently small and F(¢; D,a) — ¢ < 0 for ¢

sufficiently large.

(iii) Regular S-shape: whenever F' has three crossings of the 45-degree line, the two outer

crossings have /. < 1 and the middle crossing has F, > 1.

Continuity is inherited from continuity of ® and M tail-crossing requires ¢ to be bounded

and a in an appropriate range; the regular S-shape rules out degenerate or tangent crossings.

Proof. Fix D and define G(c;a) = F(c¢; D, a) — ¢, continuous in ¢ by (i).
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By (ii), G(c; a) > 0 for ¢ sufficiently small and G(c;a) < 0 for ¢ sufficiently large; by the

intermediate value theorem, GG has at least one zero.

Suppose F.(c; D,a) > 1 on an open interval I, equivalently G.(c;a) > 0 on I. Choose

1,09 € I with ¢; < ¢o. Then G is strictly increasing on ¢y, ¢

Since G /0a = 1, increasing a shifts G uniformly upward. By continuity in a, there exists
a non-empty open interval Ap C R such that for every a € Ap, G(c1;a) < 0 < G(co;a).
By the intermediate value theorem and strict monotonicity of G on [¢;, ¢3], G has exactly one
zero on (cq, ¢2). Combined with the tail-crossing condition (one zero with ¢ < ¢; and one zero

with ¢ > ¢3), G has at least three distinct zeros, which are three fixed points of F.

Local stability follows from (iii): at the two outer fixed points, F,. < 1, so they are locally

stable; at the middle fixed point, F,. > 1, so it is unstable.

C.1.6 Hysteresis Under Neutral Updating

Branch-Regularity Conditions. Proposition 4 relies on two regularity conditions on the
temporary-equilibrium map. First, the low and high stable branches identified in Proposi-
tion 3, ¢§ (D) and c}; (D), are continuously differentiable in D on neighborhoods of the station-
ary databases D} and D7, defined below. Second, the within-period feedback slope satisfies
I'(¢;, D;) < landI'(cj;, D3;) < 1ateach candidate steady state, so that each branch is locally
stable as a within-period fixed point. These conditions ensure that the joint (¢;, m;) dynamics

inherit the within-period stability of Proposition 2 on regime-preserving neighborhoods.

Existence of Joint Steady States. Consider the candidate low steady state. If ¢; = ¢} (D;) < 0

in every period, then by the law of motion (3.13), A;.1 = pA; + Kk and B;y; = pB,, with
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steady-state values A* = k/(1 — p) and B* = 0. The corresponding adverse-memory share
is m} = 1. The joint steady state is (¢} (Dj), m} = 1), where D; denotes the database
with A = k/(1 — p) and B = 0. The high steady state (c};(D3;), mj; = 0) is constructed

symmetrically, with A* = 0 and B* = k/(1 — p).

Local Stability. Linearize the joint (¢;, m;) dynamics around the low steady state. Within-
period, the fixed-point condition gives dc;/Om; = (M) M,,/(1—T"), where M,,, = OM /Om
holds the cue fixed. In the two-type benchmark, more adverse memory shifts expected next-
period demand down, so M,, < 0. Together with local stability of the within-period fixed

point (1 — I'" > 0 at ¢} ), this gives

0 o' (M) M,,
@ _ ¥M) < 0,
8mt 1-T

so a higher adverse-memory share reinforces the low regime through within-period demand.

Across-period, the law of motion (3.13) is piecewise linear in ¢;: the encoding indicator is
a step function. The local-stability argument therefore proceeds by regime-preserving neigh-
borhoods rather than by differentiating the indicator. Near the low steady state (¢}, m} = 1)
with ¢ < 0, there is an open neighborhood in which any (¢;, m;) produces a realized ¢; < 0, so
the encoding indicator 1{c; < 0} is identically equal to 1 on the neighborhood. On this neigh-
borhood, the law of motion is A;; = pA; + k and By = pB;, both linear with eigenvalue
p. The deviations A; — A* and B; — B* contract at rate p. Combined with the within-period
contraction |I'| < 1, the joint (¢, m;) dynamics on the regime-preserving neighborhood are a

contraction: the low steady state is locally stable, with slowest local relaxation rate equal to p.
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Hysteresis Under a Temporary Shock. Suppose at t = 0 the economy is at the high steady
state and a 1-period attention perturbation ny < 0 is large enough to move the joint state into
the low basin. Then ¢y < 0, the encoding indicator switches, and the database D, places more
relative weight on the adverse type than did Dy. From ¢ = 1 onward, even after n, returns
to zero, the inherited database is tilted toward the low basin. Under the local-stability result
above, subsequent neutral updating moves the system toward the low steady state. The regime

switch therefore persists after the original perturbation disappears, with relaxation rate p.

C.1.7 Recession Skew from Adverse Resonance

Regularity Conditions. The proofrelies on two regularity conditions on the threshold paths.

(i) Monotone single-boundary. Starting from the low steady state, the basin of attraction
in the scalar cue perturbation n is a half-line: there exists a threshold 7,5 > 0 such
that all n > 7;,_, 5 tip the realized demand into the high basinand all0 < n < 77,y
leave it in the low basin. Starting from the high steady state, there exists a threshold
Ta—r > 0such that all n < —7p_,; tip the realized demand into the low basin and all

—Thr—1 < n < 0 leave it in the high basin.

(ii) Path-specific nondegeneracy. Along the low-to-high threshold path (the curve of cue
states ¢(c,n) as n ranges from 0 to 77, i), the cue valence v, takes negative values on
a nonempty open segment. Along the high-to-low threshold path (as n ranges from 0

to —7r_.1), V4 also takes negative values on a nonempty open segment.

The first condition rules out pathological multi-component basins; the second ensures that the

X term is active on a nonzero subinterval of each threshold path.

338



Proof of the Y = 0 Equality. Under x = 0, the joint (¢, m) system is invariant under the sign-
flipping involution of Section 3.6.1, (¢, m, n,a, x¢,v.) — (—¢, 1 — m, —n, —a, —x., —v,),
together with the relabeling of adverse and favorable episode types. The involution maps the
low steady state to the high steady state and vice versa. The basins of attraction in scalar n-

space are therefore mirror images under n — —n, and the escape thresholds satisfy 7, (0) =

TH—>L(0)-

Proof of the x > 0 Strict Inequality. The recall log-odds in the two-type case under the

augmented kernel (3.15) take the form

w(g,m;x) = w(g,m;0) + nx1{v, <0},

since the x term enters s(er, ¢) when v, < 0 but never enters s(ey, ¢). Therefore dw/0x =

n1l{v, < 0} > 0, with strict inequality on adverse-cue segments. In the two-type case,

M(q, D) = —x* tanh(w/2), so

M *
0 = —x—sech2(w/2) 9

w
il = <0,
ox 2 ox

with strict inequality on adverse-cue segments. The temporary-equilibrium map F'(¢; D, a) =
a+® (M) therefore shifts weakly downward as x increases, strictly downward on adverse-cue

segments.

Consider the low-to-high threshold path. By condition (ii), the path contains a nonempty

adverse-cue segment, on which £ is strictly depressed by x > 0. The low branch is harder to
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eliminate, so by condition (i) the threshold strictly rises:

To-a(x) > To-m(0).

By the symmetric argument on the high-to-low threshold path, F' is strictly depressed on
a nonempty adverse-cue segment, the high branch is easier to eliminate, and the threshold

magnitude strictly falls:

TH-1(X) < Ta-r(0).

Combining with the y = 0 equality from the previous paragraph,

Tr—u(X) > Tu(0) = 75-0(0) > 7uon(x).
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C.2 Empirical Data Construction

C.2.1 Public Cue Measures

The four public cue series are constructed at monthly frequency. The Daily News Sentiment
Index of Shapiro et al. (2022) is aggregated from daily to monthly averages. The U.S. Eco-
nomic Policy Uncertainty index of Baker et al. (2016) is used at its native monthly frequency.
The Google Trends adverse-attention index combines monthly search volumes for “recession,”
“economic collapse,” “unemployment,” and “layoffs,” standardized within each term series and
averaged across terms (Choi and Varian 2012). The composite cue is the equally weighted
average of the three (z-scored) cue series. Cue series are residualized against macroeconomic
controls (industrial-production growth, unemployment, CPI inflation, federal funds rate) be-

fore entering empirical specifications; residuals are standardized to unit variance.

C.2.2 State Adverse-Memory Measures

State adverse-memory exposure combines two histories: unemployment-rate drawups (UR; ;
minus its 36-month rolling minimum) and house-price drawdowns (HPI; ; minus its 36-month
rolling maximum, in log points). Unemployment data are from BLS Local Area Unemployment
Statistics; house-price data are FHFA all-transactions HPI. The composite memory index is the
average of the two component series after each is z-scored across the (state, month) panel; the
index is re-z-scored and lagged one period before entering specifications. Robustness variants

substitute UR-only or HPI-only memory and use 24- or 60-month rolling windows.
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C.2.3 National Sentiment and Demand Outcomes

National sentiment is the University of Michigan Index of Consumer Sentiment (Michigan ICS,
monthly, 1978m1-present). National demand outcomes are total vehicle sales (TOTALSA), real
personal consumption expenditures (PCEC96), real PCE durables (DGORDER), and real retail
sales (RSAFS), all from FRED at monthly frequency. Outcome variables are taken in logs except

for the Michigan ICS index, which enters in levels.

C.2.4 State Permits and State-Level Search Attention

State-level building permits are monthly counts of new privately-owned housing units autho-
rized by local building authorities, reported by the Census Bureau’s Building Permits Survey
and aggregated to the state level. Permits enter as log(permits + 1) smoothed by a 3-month
moving average within state. State-level adverse-search attention is constructed from Google
Trends queries for “recession,” “economic collapse,” “unemployment,” and “layoffs” at state-

level geography; construction details are in Appendix C.4.1.

C.2.5 Residualization, Standardization, and Sample Definitions

For national local projections, cue series are residualized against contemporaneous and 12
lagged values of the macroeconomic control vector and 12 own lags, with lag length selected
by BIC capped at 12. Residuals are standardized to unit variance and used as regressors in the
LP. For regional panel specifications, the same residualized cue is interacted with state adverse-
memory exposure, where memory is panel-z-scored over the full state-month panel and then

in-sample centered; both the centered and the original z-scored memory enter the right-hand
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side. Sample tags follow the convention: Full = full residual sample; Ex-COVID drops 2020m3—

2021m12; Ex-GFC drops 2008m9-2009m6; 1991+ uses the post-1991 subsample.

C.2.6 Data Summary Table

Table C.1: Data Sources, Frequencies, and Roles in the Empirical Analysis

Series Source Sample Transform  Role

DNSI Shapiro et al. (2022) 1980m3- AR(2) Adverse Cue
2023m11

EPU Baker et al. (2016) 1985m3— AR(2) Adverse Cue
2026m2

GT Adverse Google Trends 2004m3- AR(2) Adverse Cue
2025m12

Michigan ICS U. Michigan 1979m1- Level Sentiment Outcome
2026m2

Vehicle Sales BEA 1976m1- Log Postponable Demand
2026m2

State UR BLS LAUS 1976m1- Log Memory + Outcome
2026m2

FHFA HPI FHFA 1991m1- Log Returns Memory Input
2025m12

State Permits Census BPS 1988m1- Log Postponable Demand
2025m12

State Retail Census MARTS 1992m1- Log Robustness Outcome
2025m12

Notes: The table lists the data sources, samples, transformations, and roles used in the empirical analysis of

Chapter 3. All series are at monthly frequency (DNSI is aggregated from daily). National series are DNSI, EPU,
GT Adverse, Michigan ICS, and vehicle sales (FRED ticker TOTALSA); state-level series (51 states + DC) are the
state unemployment rate (UR), FHFA HPI, and state permits; state retail uses the Census MARTS series at the
Census-region level (MSRTS proxy). “AR(2)” indicates that the series is converted to AR(2) residuals (BIC-selected
lag) standardized to unit variance. “Composite” (not shown separately) is the equal-weight average of the three

standardized residuals over their common sample (2004m2-2023m11). State permits enter as log(permits + 1)

smoothed by a 3-month moving average within state. “Memory + Outcome” indicates a series that enters both

as a component of the state adverse-memory index and as an outcome. DNSI ends in 2023m11 due to vendor

changes; this is the binding constraint on the headline regional LP sample.
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C.3 Local-Projection Evidence

C.3.1 National Specification

The national local projection takes the form
Yern — Y1 = ap + B Shock]” + B, Shock; + I, Xy + ugin,

where y; is the outcome series in logs, Shock;" and Shock; are the positive and negative parts
of the residualized cue innovation, X; collects contemporaneous and lagged macroeconomic
controls together with four lags of the outcome, and standard errors are HAC (Newey—-West)
with bandwidth h+-6. Reported coefficients are the response to a 1-standard-deviation adverse
cue (57 in the sign convention used here, since positive residuals reflect more-adverse-than-
expected cues). The headline national-LP estimates are reported in Tables 3.1, 3.2, and 3.2 of

Section 3.7.3.

C.3.2 Regional Panel Specification

The regional panel local projection is given in equation (3.16) of Section 3.7.4. The outcome
is the window-averaged cumulative change in log(permits) smoothed by a 3-month moving
average over horizons h € [4, 8]. The cue-by-memory interaction enters with both centered
and original z-scored memory on the right-hand side, so 3i, a4y measures the interaction effect
at the in-sample mean of memory. Standard errors are clustered by state. The headline cell

additionally has a wild-cluster bootstrap p-value of 0.005 from 999 replications.
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C.3.3 Full Robustness Grid

Tables C.2-C.5 report the full cue-by-memory-by-sample robustness grid in four blocks. Ta-
ble C.2 restates the headline estimates. Table C.3 reports the coefficient under DNSI, EPU, and
composite cues. Table C.4 substitutes UR-only, HPI-only, 24-month, and 60-month memory

variants. Table C.5 reports the full, ex-COVID, 1991+, and ex-GFC samples.

Table C.2: Regional Panel LP: Headline Specifications

Cue Memory Sample Horizon Estimate N

GT Adverse  Composite Full h € [4,8] —1.83*** 12,087
(0.68)
[-2.95, —0.70]

GT Adverse  Composite Ex-COVID  h € [4,8] —1.97"* 10,965
(0.66)
[~3.05, —0.89]

GT Adverse  Composite Full h==6 —1.63** 12,087
(0.67)
[—2.74, —0.52]

Notes: The table reports headline estimates of Sint adv from the regional cue-by-memory interaction in equa-
tion (3.16). Each cell reports the point estimate (top), the state-clustered standard error in parentheses, and the
90% confidence interval in brackets. The headline cell additionally has a wild-cluster bootstrap p-value of 0.005
from 999 replications and bootstrap 90% confidence interval [—2.89, —0.61]. Sample covers 51 states. Signifi-
cance levels: *** p < 0.01, "™ p < 0.05, * p < 0.10.
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Table C.3: Regional Panel LP: Cue Robustness

Cue

Memory

Sample

Horizon Estimate

DNSI

EPU

Composite

Composite

Composite

Composite

Full

Full

Full

+0.02
(0.40)
[—0.64, +0.68]

h € [4,8]

h € [4,8] ~0.29
(0.48)

[—1.07, +0.50]

—0.62
(0.64)
[~1.68, +0.43]

he[4,8]

20,120

20,120

12,138

Notes: The table reports cue-robustness estimates of Sint adv from the regional cue-by-memory interaction in

equation (3.16), varying the cue series while holding the composite memory measure and full sample fixed. Each

cell reports the point estimate (top), the state-clustered standard error in parentheses, and the 90% confidence
interval in brackets. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

Table C.4: Regional Panel LP: Memory Robustness

Cue

Memory

Sample

Horizon Estimate

GT Adverse

GT Adverse

GT Adverse

GT Adverse

UR-Only

HPI-Only

Composite-24

Composite-60

Full

Full

Full

Full

h e [4,8] ~1.28
(1.04)

[—2.99, +0.43]

—1.31%%
(0.40)
[~1.96, —0.65]

h € [4,8]

h € [4,8] —1.84%
(0.74)

[—3.05, —0.63]

he 4,8 — 187
(0.67)

[—2.97, —0.77]

12,087

12,087

12,087

12,087

Notes: The table reports memory-robustness estimates of [Sint adv from the regional cue-by-memory interaction

in equation (3.16), varying the memory measure while holding the GT-Adverse cue and full sample fixed. Each

cell reports the point estimate (top), the state-clustered standard error in parentheses, and the 90% confidence
interval in brackets. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table C.5: Regional Panel LP: Sample Robustness

Cue Memory Sample Horizon Estimate N

GT Adverse ~ Composite Full h € [4,8] —1.83"* 12,087
(0.68)
[-2.95, —0.70]

GT Adverse ~ Composite Ex-COVID  h € [4,8] —1.97** 10,965
(0.66)
[~3.05, —0.89]

GT Adverse ~ Composite 1991+ h e 4,8 —1.73* 13,107
(0.69)
[~2.87, —0.60]

GT Adverse  Composite Ex-GFC h € [4,8] —0.93 11,577
(0.67)
[~2.03, +0.18]

Notes: The table reports sample-robustness estimates of Sin¢ adv from the regional cue-by-memory interaction
in equation (3.16), varying the estimation sample while holding the GT-Adverse cue and composite memory
measure fixed. Each cell reports the point estimate (top), the state-clustered standard error in parentheses, and
the 90% confidence interval in brackets. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

C.3.4 Permutation and Random-Cue Placebos

The permutation placebo randomly reassigns the adverse-memory index across states (pre-
serving each state’s full memory time series, only permuting which state owns which series)
and re-estimates the headline specification. We repeat the procedure 999 times and report the
share of placebo estimates at least as extreme in absolute value as the observed estimate. The
random-cue placebo replaces the observed cue residual with a simulated AR(1) series whose
persistence and innovation variance are matched to the observed cue residual, and repeats the
regression 999 times. The reported p-values are 0.011 for the permutation placebo and 0.006

for the random-cue placebo.
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C.3.5 Leave-One-State-Out Robustness

The leave-one-state-out exercise re-estimates the headline specification after dropping each
state in turn. Across the 51 leave-one-state-out runs, the headline interaction coefficient

ranges between —2.04 and —1.30, with median —1.83 matching the full-sample estimate.

C.3.6 Adverse-Memory Tail Figure

Figure C.1 adds a pyy tail bar to Figure 3.6: the differential permits response at pyg is approxi-
mately —8 percentage points relative to pjg.

Figure C.1: Memory-Gradient Figure with pgg Tail Bar
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Notes: This figure replicates Figure 3.6 with an additional pgg percentile bar. On the panel-z-scored state adverse-
memory composite, the 10th, 50th, 90th, and 99th percentile bars correspond to z = —0.85, —0.47, +1.17, and
+3.59, respectively. Confidence intervals widen at the deep tail because few state-month observations sit above

z = +43.
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C.4 State-Level Adverse-Search Attention

C.4.1 State Search Index Construction

The state-level adverse-search-attention index is built from Google Trends data for four search
terms: “recession,” “economic collapse,” “unemployment,” and “layoffs” For each state, the four
monthly series are retrieved at state-level geography (e.g., geo=US-CA) over the period 2004-
01 to 2025-12. Each (state, term) series is z-scored along its own time path; the four z-scored
series are averaged within state-month to produce a state-level adverse-search index, which
is panel-z-scored across the (state, month) panel. The result is a balanced panel of 51 states

(50 + DC) over 264 months.

C.4.2 Cue-by-Memory Attention Specification

DNSI  EPU
)

For each cue n € {n nEPU nSTY we estimate

gtAdethrh — gtAde’t_1 = o+ 0 + ﬁacdv (77; X Memorysjt_l)

+ B (7 x Memory,, ) + main effects + ¢,

with state and month fixed effects and state-clustered standard errors. The model predicts

C

v > 0: adverse cues raise local adverse-search attention more in states with greater adverse-

memory exposure. The headline estimates appear in Table 3.3 of Section 3.7.4.
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C.5 Households vs. Professional Forecasters

C.5.1 SPF Data and Quarterly Aggregation

Professional forecasts are median 1- and 4-quarter-ahead real-GDP-growth forecasts from the
Philadelphia Fed Survey of Professional Forecasters (SPF). Cue residuals are summed within
quarter and re-standardized to unit variance; quarterly Michigan ICS averages the monthly
index. Both the Michigan and SPF series are standardized over the estimation sample, so co-

efficients are in LHS SDs per 1-SD adverse cue.

C.5.2 Household-Forecaster Response Comparisons

Table C.6: Households vs. Professional Forecasters: SPF Placebo

Cue B\Mich B\SPFl B\SPF4 | IBMich / BSPF4 | T

DNSI —0.28*** +0.09 +0.02 13.6 174
(0.07) (0.23)

EPU —-0.11 +0.21 +0.19 0.6 162
(0.08) (0.26)

GT Adverse —0.41*** +0.12 +0.16 2.6 86
(0.08) (0.16)

Composite —0.29*** +0.27 +0.24 1.2 78
(0.09) (0.27)

Notes: The table reports the response to a +1 SD adverse-cue shock at h = 2 quarters in standardized LHS units
(LHS standardized to unit standard deviation over the estimation sample). BMiCh is the response of quarterly-
averaged Michigan ICS; BSPFl and ESPF“ are the responses of 1- and 4-quarter-ahead median real-GDP-growth
forecasts from the Survey of Professional Forecasters. The penultimate column reports the magnitude ratio
| BMiCh\ /I jBSPFa |; the model predicts a ratio above one (households more cue-elastic than long-horizon forecast-
ers). Each cell reports the point estimate with the HAC (Newey-West) standard error in parentheses below. Cues
are quarterly aggregations (sum over the quarter, restandardized) of the AR(2) cue residuals. Significance levels

on the Michigan response: *** p < 0.01, ** p < 0.05, * p < 0.10.
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C.6 Additional Persistence and Regime Diagnostics

The model’s hysteresis (Proposition 4) and recession-skew (Proposition 5) results imply that
adverse cue innovations should produce more persistent demand effects than favorable inno-
vations of the same magnitude. The main empirical exercises focus on the cue-by-memory
amplification channel and do not test asymmetric persistence directly. This appendix reports

two compact diagnostics consistent with the persistence prediction.

C.6.1 Sign-Asymmetry Diagnostics in the Regional Panel

For the regional panel of Section 3.7.4 we re-estimate the headline specification with sign-
split cue interactions, decomposing the residualized Google Trends adverse-attention cue into
Shock;"” = max(n;,0) and Shock, = max(—;,0), and test the null that the two interactions
enter symmetrically (Wald test of B¢ + + Bint,— = 0). At horizon h = 6 on log permits, 13 of
60 cue-by-memory-by-sample combinations reject the symmetry null at the 90% level; 12 of
these reject at 95%. The cleanest asymmetry rejections appear under the Google Trends cue:
the headline cell (GT x composite memory X log permits, full sample, h = 6) has Wald p =
0.014, with adverse-cue interaction coefficient —2.71 and favorable-cue interaction coefficient
—3.36; the same specification on the ex-COVID sample gives Wald p = 0.017. The pattern
is consistent with the model’s prediction that adverse and favorable cue innovations enter
asymmetrically when the memory database is tilted toward adverse experiences, though the

test is sensitive to the choice of cue and memory measures.
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C.6.2 Michigan Sentiment Half-Life Ratios

As a separate diagnostic, we estimate impulse responses of Michigan ICS to identified positive
and negative sentiment innovations and report the ratio of the negative-shock half-life 7~
to the positive-shock half-life 7. Under the LP sign-interaction estimator with projection-
residual identification of the sentiment innovation, the ratio is 1.30 with a 90% bootstrap con-
fidence interval of [0.42,3.67]. Under SVAR identification with sentiment ordered last, the
ratio rises to 4.95 with a 90% confidence interval of [1.64, 11.21] that excludes one. Across
alternative half-life estimators (asymmetric AR, matched-pair) the ratio is closer to one. The
point estimates point toward longer-lived negative sentiment responses, but the confidence

intervals are wide and the result is sensitive to the identification scheme.
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