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Abstract

This paper studies overreaction in firm expectations and how it varies with uncertainty.
Using a firm panel that links forecasts, realizations, and firm-level uncertainty, I show
that firms overreact to the information reflected in their forecast revisions. Specifi-
cally, upward revisions predict future realizations that are below forecasts. However,
overreaction is weaker, not stronger, when uncertainty increases. When perceived un-
certainty rises, the estimated degree of overreaction falls. This evidence is therefore
consistent with diagnostic expectations, in which agents overweight states made more
likely by new information, while challenging the Smooth Diagnostic Expectations pre-
diction that uncertainty should strengthen overreaction. I then link the firm panel to
an information-provision experiment on U.S. tariffs. Overreactors respond differently
to experimentally provided information, but not by reacting more to all signals; their
responses are muted compared with those of non-overreacting firms. This result shows
that firm overreaction measured from historical forecast errors and revisions captures

a behavioral type that predicts responses in a controlled information environment.
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1 Introduction

A central lesson of behavioral economics is that beliefs are not formed from information
alone. They are shaped by memory, experience, and attention. Individuals do not merely
condition on all available data; they retrieve particular past events, overweight salient or
accessible experiences, and form judgments from what comes to mind (Gennaioli and Shleifer,
2010; Bordalo, Gennaioli and Shleifer, 2020). This idea appears in experience-based learning
(Malmendier and Nagel, 2011, 2016), where lifetime economic conditions impact the beliefs
and decisions of agents, and in memory-based models, where probability judgments depend
on the examples retrieved from memory rather than only on objective frequencies (Bordalo
et al., 2023). Yet much less is known about how these forces operate when decision-makers
face environments that have become harder to predict and evaluate. Does uncertainty make
economic agents rely more heavily on heuristics? Or does uncertainty discipline beliefs? I

study that question in the context of firms.

Diagnostic expectations (Bordalo, Gennaioli and Shleifer, 2018) provide a natural frame-
work for studying this issue. They build on the representativeness heuristic—the tendency
for news to selectively bring related past experiences to mind. Concretely, under diagnos-
tic expectations, new information shifts agents’ beliefs too strongly toward the outcomes it
makes more probable (Bordalo et al., 2020). In the canonical empirical benchmark, Bor-
dalo et al. (2020) use the Coibion and Gorodnichenko (2015) regression of forecast errors on
forecast revisions to study whether forecasters under- or overreact to news. They show that
individual forecasters overreact, as upward forecast revisions predict future realizations that
are below forecasts. They interpret this pattern as diagnostic overreaction to information.
The central object in that literature is therefore not simply biased expectations, but a par-
ticular behavioral distortion: excessive movement of beliefs toward states that become more

likely with incoming information.

The existing evidence leaves open an important behavioral question: is overreaction sta-
ble, or does it vary with the uncertainty faced by the economic agent? The answer matters
because it determines whether estimates of overreaction obtained in one environment carry
over to another, and whether belief distortions are stronger or weaker in uncertain envi-
ronments. This answer need not be mechanical. On one view, uncertainty should magnify
diagnostic overreaction. When the relevant environment becomes harder to assess, the set
of plausible states expands, tail outcomes may become easier to imagine, and recent signals

may appear more representative of a changed distribution. This is the force emphasized



by Bianchi, [lut and Saijo (2024), where higher conditional uncertainty gives representa-
tiveness more scope to distort beliefs relative to a reference information set. On another
view, uncertainty may reduce overreaction. Agents may respond to uncertainty by acquiring
additional information or by placing less weight on signals they regard as noisy. Models
of rational inattention and endogenous information acquisition allow attention and infor-
mation demand to respond to economic conditions (Mackowiak, Matéjka and Wiederholt,
2023), while experimental evidence shows that higher perceived uncertainty can raise firms’
demand for information (Mikosch et al., 2024).! Whether uncertainty amplifies or attenuates

overreaction is therefore an empirical question.

Firms are a useful setting for distinguishing these forces because their expectations are
decision-relevant beliefs. They enter firm-specific choices such as pricing, production, orders,
and investment. This does not imply that firms are perfectly rational. But it does imply
that forecast mistakes have direct consequences for firms’ own outcomes. This makes firms
a particularly informative setting for testing whether overreaction is stronger or weaker in

more uncertain environments.

Smooth Diagnostic Expectations (Bianchi, Ilut and Saijo, 2024) provides the sharpest
benchmark for the amplification view. Its key departure from the standard formulation of
diagnostic expectations concerns the construction of the reference distribution. Standard
diagnostic expectations evaluate states using the earlier conditional mean but the variance
implied by current information. Bianchi, Ilut and Saijo (2024) instead form the reference dis-
tribution entirely under the earlier information set, allowing current and reference beliefs to
differ in both their conditional means and variances. As a result, the primitive diagnosticity
parameter, which governs the distortion strength, need not vary over time for the effective
degree of overreaction to be state dependent. For a given revision in the conditional mean,
overreaction is weaker when current beliefs are relatively precise and stronger when current
variance is high relative to the variance of the reference distribution. In the forecast-error-
on-revision regression, this amplification mechanism has a direct empirical implication: the
slope on forecast revisions should become more negative in high-uncertainty states, or when

current uncertainty rises relative to the relevant reference point.

I test these predictions using the KOF Business Tendency Survey, a monthly panel of

Swiss firms that elicits qualitative expectations and their subsequent realizations. The panel

"'Work on behavioral attenuation shows that responsiveness to economic fundamentals falls with cognitive
uncertainty, although cognitive uncertainty is conceptually distinct from uncertainty about the economic
environment (Enke and Graeber, 2023; Enke et al., 2024).



structure allows me to construct forecast errors and forecast revisions for the same firm over
time, and therefore to test for overreaction at the firm level. Moreover, the survey asks
about firms’ own perceived uncertainty. I use these responses (i) to identify firm-specific
high-uncertainty states and (ii) to measure firm-specific changes in consecutive uncertainty
levels. Thus, the data allow me to ask whether a firm’s tendency to overreact to information,
as reflected in its forecast revisions, changes when that same firm reports facing a more

uncertain environment.

The main result is that overreaction is weaker with increases in uncertainty. Firms do
overreact on average, as upward revisions in expected orders predict future realizations below
forecasts. This finding aligns the firm-level evidence with the individual-level overreaction
documented by Bordalo et al. (2020) for professional forecasters.?> The novel result concerns
how this overreaction varies with uncertainty. In high-uncertainty states, the forecast-error
slope is not more negative. More importantly, when the uncertainty rises for a firm, the slope
becomes significantly less negative. Put differently, firms continue to display overreaction,
but the implied diagnosticity parameter falls when uncertainty increases. The evidence
therefore supports diagnostic expectations as a description of firm belief formation, while
running against the Smooth Diagnostic Expectations prediction that uncertainty should

strengthen overreaction to news.

I then leverage a setting that is rarely available in expectation data: an information-
provision experiment linked to the same firm panel. The experiment was embedded in the
KOF survey and randomly assigned firms to one of two U.S. tariff scenarios. After receiving
the treatment, firms reported beliefs about turnover, investment, and prices. I use the
panel to classify firms as overreactors to firm-specific information, based on whether their
historical forecast revisions predict subsequent forecast errors in the direction of overreaction.
The experiment therefore provides a test of whether overreaction measured from naturally

occurring forecast errors predicts how firms process newly supplied information.

The experimental evidence shows that overreaction has predictive content, but not in the
form of a general tendency to react more to all information. Holding fixed the information
treatment, firms classified as overreactors report different expectations from other firms.
Across most outcomes, their responses are closer to zero. This pattern is robust to controlling
for firms’ exposure to the U.S. market. Thus, overraction to firm-specific information is not

merely a reduced-form feature of historical forecast errors; it predicts belief updating in a

2Born et al. (2022) find similar results for German firms.



experimentally controlled information environment.

This paper contributes to the literature on diagnostic expectations by studying the state
dependence of overreaction.® The theory builds on models of representativeness and selective
memory, including Gennaioli and Shleifer (2010) and Bordalo et al. (2016), where judgments
are distorted by reference groups and selectively retrieved information. Diagnostic expecta-
tions apply this logic to economic forecasting and have been used to explain credit cycles,
stock returns, macroeconomic forecast errors, bubbles, and bond market puzzles (Bordalo,
Gennaioli and Shleifer, 2018; Bordalo et al., 2019, 2020, 2021; d’Arienzo, 2020). Recent work
embeds the same distortion in richer macroeconomic environments, including New Keyne-
sian models and heterogeneous-firm credit cycles (L’Huillier, Singh and Yoo, 2024; Bordalo
et al., 2026b). My contribution is to bring direct evidence on the uncertainty-dependence

and behavioral content of overreaction to this literature.

More broadly, the paper contributes to behavioral theories of belief updating. Afrouzi
et al. (2023) use various experiments to show that overreaction is a robust feature of ex-
pectations when information sets and data-generating processes are controlled. Ba, Bohren
and Imas (2024) show that cognitive constraints can generate either overreaction or under-
reaction depending on the learning environment, while Kohlhas and Walther (2021) show
how asymmetric attention can reconcile extrapolation with underreaction. Closely related
work on forecaster behavior, memory, and probability judgments emphasizes that expecta-
tions depend on how agents represent the problem, retrieve examples, and process statistical
information (Broer and Kohlhas, 2024; Bordalo et al., 2025, 2026a,c). My paper adds to
this literature by studying whether a naturally measured behavioral distortion varies with
uncertainty and predicts belief updating beyond the setting in which it is measured. In this
sense, the paper also connects to experience-based learning, where beliefs depend on the
information agents have lived through and made psychologically available (Malmendier and
Nagel, 2011, 2016).

This work also contributes to the literature using information-provision experiments to
study expectations.* In macroeconomics, information treatments have been used to study
household inflation expectations (Armantier et al., 2016; Cavallo, Cruces and Perez-Truglia,
2017), the effect of monetary policy communication (Coibion, Gorodnichenko and Weber,

2022), people’s understanding of inflation (Binetti, Nuzzi and Stantcheva, 2024), recession

3For an overview of diagnostic expectations see Bordalo, Gennaioli and Shleifer (2022).
4For recent discussions of information-provision experiments and survey methods, see Fuster and Zafar
(2023), Haaland, Roth and Wohlfart (2023), Stantcheva (2023), and Coibion and Gorodnichenko (2026).



expectations (Roth and Wohlfart, 2020), housing-market beliefs (Armona, Fuster and Zafar,
2019), endogenous information acquisition (Fuster et al., 2022), and subjective models of the
macroeconomy (Andre et al., 2022). A growing firm-level branch of this literature studies how
firms update beliefs and decisions after receiving information about the economy or facing
experimentally induced uncertainty: Coibion, Gorodnichenko and Kumar (2018) study firms’
updating after information about macroeconomic conditions, Coibion, Gorodnichenko and
Ropele (2020) use repeated information treatments about inflation, Mikosch et al. (2024)
study information acquisition and uncertainty among firms and households, and Dibiasi,
Mikosch and Sarferaz (2025) use a survey experiment to study how an uncertainty shock
affects firm beliefs. My contribution is to link an information-provision experiment to a long
firm panel, using the panel to measure overreaction and asking whether this behavioral type

predicts responses to randomized information.

The rest of the paper is organized as follows. Section 2 describes the firm panel, the
empirical strategy, and the linked information-provision experiment. Section 3 presents the
panel evidence on uncertainty and overreaction and uses the experiment to test whether firm
overreaction measured in the panel predicts belief updating in response to experimentally

supplied information. Section 4 concludes.

2 Data and Measurement

The empirical design combines a long firm panel with an information-provision experiment.
The panel allows me to measure overreaction from firms’ own forecast errors and forecast
revisions, and to ask whether this overreaction varies with uncertainty. The experiment
then provides a controlled information environment in which to test whether the overre-
action measured in the panel predicts belief updating. This section introduces the panel
setting, defines the forecast-error and uncertainty measures, and describes the construction

of behavioral types used in the experimental analysis.

2.1 The KOF Business Tendency Survey

The empirical setting is the KOF Business Tendency Survey (KOF BTS), a long-running firm
survey conducted by the KOF Swiss Economic Institute at ETH Zurich. Since the 1950s,

the monthly survey has collected information on Swiss firms’ assessments, expectations, and



business plans. The survey questions capture qualitative firm-level developments in variables
such as demand, production, sales prices, and the general business situation. This structure
is well suited to studying belief formation because it links firms’ expectations about future
outcomes to subsequent reported realizations for the same variables. In addition, the survey
contains direct questions on firms’ self-reported uncertainty, which allow me to study whether

overreaction varies with the uncertainty perceived by the firm.

Participation is voluntary and based on a firm panel. For panel maintenance, firms are
sampled from a business register using strata defined by industry and employment size,
measured in full-time equivalents, although firms may also join the panel through self-
registration. Responding firms do not receive monetary compensation, but they are given
access to aggregated results from the survey waves in which they participate. Since the
value of this informational return depends on the accuracy and truthfulness of participants’
responses, the survey design mitigates incentives for strategic misreporting. The analysis
focuses on firms in the manufacturing sample, corresponding to section C of the NACE Rev.

2 classification.

2.2 Forecast Errors, News, and Self-Reported Uncertainty

The empirical object of interest is the extent to which firms’ forecast errors are predictable
from information available when forecasts are formed. This is the test first proposed by
Coibion and Gorodnichenko (2015) and later used by Bordalo et al. (2020) to distinguish
underreaction from overreaction beyond merely the consensus forecast. The logic is simple. If
forecasts incorporate information rationally, revisions in beliefs should not predict subsequent
forecast errors. If forecasts overreact, upward revisions should be followed by realizations
that fall short of forecasts; if forecasts underreact, upward revisions should be followed by

realizations that exceed forecasts.

I apply this test at the firm level. Let y! e denote firm i’s forecast for variable y at time
t for h periods ahead, y,@rh the corresponding realization, and FR;h = y§+h|t — y§+h|t_1 be
firm i’s forecast revision for that variable from ¢t — 1 to ¢ for time ¢ + h. The Bordalo et al.

(2020) individual-level specification can then be written as

yZJrh - yZ+h\t = fo + 51FRi,h + €i+h> (1)



The forecast error is defined as realization minus forecast, namely FE} , = y;,, —yi it
With this convention, a negative forecast error means that the firm’s forecast was too high
relative to the subsequent realization, while a positive forecast error means that the forecast

was too low.

Under full-information rational expectations, 51 = 0. A positive coefficient indicates
underreaction: upward revisions predict positive forecast errors. A negative coefficient in-
dicates overreaction: upward revisions predict negative forecast errors. In the diagnostic-

expectations interpretation, 8; < 0 captures excessive sensitivity of beliefs to information.

A distinctive feature of the KOF data is that the same survey also elicits firms’ uncer-
tainty. Firms are asked every month whether predicting the future development of their
business situation is “easy”, “rather easy”, “rather difficult”, “difficult” (see Appendix D
for the exact question wording). I construct two firm-level uncertainty measures from these
responses. First, I define a high-uncertainty indicator U} equal to one if firm i reports at
time ¢ that predicting the future development of its business situation is “rather difficult” or
“difficult,” and zero otherwise. Second, I exploit the ordered nature of the response. Let S
denote the ordered response to the uncertainty question, coded so that higher values corre-
spond to greater difficulty of prediction. I define the change in uncertainty as Gi = S; —S}_.
Positive values of G¢ therefore indicate that the firm reports a higher level of uncertainty

than in the previous month.

These two measures allow me to test complementary predictions of diagnostic expec-
tations under uncertainty. The high-uncertainty indicator U} captures whether diagnostic
overreaction is stronger in high uncertainty states. The change in uncertainty G% captures
whether diagnostic overreaction varies when uncertainty rises or falls. This distinction is use-
ful because Smooth Diagnostic Expectations (Bianchi, Ilut and Saijo, 2024) link the strength
of diagnosticity to uncertainty relative to a reference information set. In the present setting,
the theory predicts that the slope relating forecast errors to forecast revisions should become
more negative when firms report high uncertainty, and especially upon increases in uncer-
tainty. The KOF panel is therefore useful not only because it contains forecast errors and
revisions at the firm level, but because it observes these objects together with both levels

and changes in firms’ perceived uncertainty.

A key difference to the Bordalo et al. (2020) setting is that the forecasts and realizations
are not about aggregate variables but are instead firm-specific. Firm forecast errors may

therefore reflect both firm-specific information and changes in the aggregate environment.



To separate these two components, I augment the individual error-revision regression with a
measure of aggregate information, A;. Following Born et al. (2022), I measure A; using the
first difference in the KOF business situation index. Controlling for A;, the coefficient on
F Ri’h captures the relation between forecast errors and the firm-specific component of the

firm’s own revision.

I estimate the following specification using the two alternative measures of uncertainty
described above. Let Q! denote either the high-uncertainty state, Uf, or the change in un-
certainty, G%. Both variables are coded so that higher values correspond to higher perceived

uncertainty. The estimating equation is
Yien = Yienp = Bo + BLF Ry + B2 Av + B3Q4 + Ba (FR;, % Q) + B5 (A X Q3) + €y (2)

The coefficients f; and f4 provide the main test of uncertainty-dependent diagnostic
overreaction. When (; < 0, firms overreact to firm-specific information: positive revisions
predict negative future forecast errors. The interaction coefficient (3, measures how this

overreaction changes as uncertainty increases. The implied diagnosticity parameter is

0(Q) = —(B1 + AiQ). (3)

Thus, the implied diagnosticity parameter is increasing in uncertainty if 84 < 0 and decreas-

ing in uncertainty if g4 > 0.

For the uncertainty-state specification, Q! = U/, so (; is the forecast-error slope for
firms reporting low-uncertainty and ; + 3, is the slope for firms reporting high-uncertainty.
For the uncertainty-change specification, Qi = G, so f; captures how the forecast-error
slope changes when perceived uncertainty increases. Smooth diagnosticity predicts that
uncertainty should amplify overreaction to information. In this notation, the prediction is
B4 < 0: the slope relating forecast errors to forecast revisions should become more negative
as uncertainty increases. Conversely, 84 > 0 corresponds to weaker overreaction at higher
values of the uncertainty measure: the forecast-error slope becomes less negative and the

implied diagnosticity parameter falls.

The aggregate-information terms are interpreted separately. A positive (5 indicates un-
derreaction to aggregate information, while a negative coefficient indicates overreaction. The
interaction 5 asks whether firms’ response to aggregate information also changes when un-

certainty is high. Because diagnostic expectations map most directly into overreaction to



the information contained in a firm’s own revision, the paper’s primary test is the pair
(81, 84). The aggregate-information coefficients provide a comparison that distinguishes
state-dependent overreaction in firm-specific belief updating from broader changes in sensi-

tivity to the aggregate environment.

In the baseline estimation, equation (2) is augmented with firm and time fixed effects. Be-
cause the KOF survey responses are qualitative, forecast errors are constructed from ordered
response categories following Bachmann, Elstner and Sims (2013). To construct forecast re-
visions I follow Born et al. (2022). Appendix B describes the details for constructing forecast
errors and revisions from qualitative data. The notation above suppresses these details to
keep the mapping between the diagnostic-expectations test and the empirical specification

transparent.

2.3 The Vignette Experiment and Behavioral Types

I complement the panel evidence with an information-provision experiment from Abberger
et al. (2026). The experiment was embedded in the KOF manufacturing survey and presented
to firms participating online. Firms were randomly assigned to one of two tariff scenarios.
In the first vignette, respondents were asked to assume that the United States permanently
imposes a uniform tariff of 10 percent on goods imported from all countries. In the second
vignette, respondents were asked to assume that the United States permanently imposes a 31
percent tariff on goods imports from Switzerland, with imports from other countries facing
the tariff rates announced on “Liberation Day.” After the vignette, firms reported how they
expected the scenario to affect their turnover, fixed asset investment in Switzerland, and

sales prices across destinations.

The experiment is useful to test a distinct implication of diagnostic expectations: over-
reaction should have behavioral content beyond the forecast-error regression. The vignette
setting is not designed to test the uncertainty mechanism studied above. Instead, it pro-
vides a separate information environment in which firms face the same externally supplied
policy scenario. If overreaction captures a stable feature of belief updating, firms that over-
react to firm-specific information in the panel should respond differently to this experimental

information than firms that do not.

I construct behavioral types using the firm panel. For each firm 4, I estimate the firm-level
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analogue of equation (2), omitting the uncertainty terms:
szrh - yi+h|t =3+ ﬁiFRi,h + B3 A; + €i+h' (4)

The coefficient 3! measures whether firm 4’s forecast errors are predictable from its own
forecast revisions, controlling for aggregate information. I classify a firm as an overreactor if

the estimated coefficient on its own forecast revision is negative and statistically significant:
D;=1 {Bi <0 and p(fi) < a}. (5)

This rule is conservative. A firm is classified as an overreactor only when its panel be-
havior displays statistically significant overreaction to firm-specific information. Firms with

negative but imprecisely estimated coefficients are therefore not classified as overreactors.

Let Zi(k) denote firm ¢’s response to experimental outcome k, where k indexes the out-
comes elicited in the vignette experiment. Let V; € {0,1} denote the vignette, with V; = 0
corresponding to the uniform 10 percent tariff scenario and V; = 1 corresponding to the
31 percent Switzerland-specific tariff scenario. The main experimental comparison is the
difference in mean responses between overreactors and other firms within the same vignette:

A(k):E[ZZ(k)|Di:1,%:v]—E[Zi(k)\Di:O,Vi:v, vel{o,1}.  (6)

v

This comparison asks whether firms that display overreaction in the panel respond differ-
ently to the same information than firms that did not. The design therefore links naturally
occurring overreaction to belief updating in an experimentally controlled information envi-

ronment.

3 Results

In the baseline specification, y denotes incoming orders. Firm forecasts are elicited at a
three-month horizon, and realizations are observed monthly. The panel spans April 2004 to
April 2026. The uncertainty questions enter the survey in July 2020, so specifications that
include U} or G¢ are estimated on the corresponding shorter sample. In robustness checks,

I repeat the analysis using the production firm-level variable.
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3.1 Uncertainty and State-Dependent Overreaction

Table 1 reports estimates of equation (2). The dependent variable is the forecast error for
incoming orders, defined as the realization minus the firm’s forecast. Recall the sign con-
vention: negative coefficients on information variables indicate overreaction, while positive

coeflicients indicate underreaction.

The first result is that self-reported uncertainty is systematically related to forecast errors.
The coefficient on the high-uncertainty indicator, U}, is negative and statistically significant
across specifications. Firms reporting high uncertainty subsequently realize lower orders than
they had forecast. In other words, uncertainty is associated with overshooting of the orders
variable. This coefficient is not itself a direct test of diagnostic expectations, because it is not
attached to a measure of information, such as forecast revisions. It nevertheless shows that
self-reported uncertainty contains information about firms’ belief distortions, systematically

predicting forecast errors across specifications.

The central diagnostic-expectations test is given by the coefficients on firms’ own forecast
revisions. The coefficient on FR;,L is negative and statistically significant. Firms therefore
overreact to firm-specific information: when firms revise their forecasts for expected orders
upward, the subsequent outcomes tend to fall short of those forecasts. This finding is consis-
tent with the individual-level evidence in Bordalo et al. (2020), where negative error-revision

slopes indicate overreaction to information.

The high-uncertainty interaction does not support the amplification prediction of smooth
diagnosticity. Smooth Diagnostic Expectations (Bianchi, Ilut and Saijo, 2024) predicts that
the effective diagnostic distortion should increase when current uncertainty is high relative
to the reference information set. In the high-uncertainty-state specification, this prediction
corresponds to a more negative forecast-error slope among firms reporting high uncertainty.
Empirically, the interaction between F' R;h and U} is not statistically significant and its point
estimate has the opposite sign. If anything, the forecast-error slope becomes less negative

when firms report high uncertainty.

In terms of implied diagnosticity parameters, firms reporting low uncertainty have

QL = _517
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while firms reporting high uncertainty have

O = —(B1 + Ba)-

The point estimates imply that the diagnosticity parameter remains positive in high-uncertainty
states and, if anything, is smaller than in low-uncertainty states. Thus, the uncertainty-state

evidence does not indicate that high uncertainty amplifies overreaction.

The aggregate-information coefficients provide a useful comparison. The coefficient on
Ay is positive, indicating underreaction to aggregate information, although its magnitude
is much smaller than the coefficient on firms’ own forecast revisions. This pattern is con-
sistent with related firm-level evidence in Born et al. (2022), which also finds that firms’
forecast errors respond differently to firm-specific and aggregate information. However, the
coefficient on A; becomes statistically insignificant when including interactions with the
high-uncertainty indicator. Similarly, the interaction between aggregate information and
high uncertainty is statistically indistinguishable from zero and economically small. Thus,
as with firms’ own revisions, the state-level uncertainty measure provides no evidence that

high uncertainty amplifies distortions in the response to aggregate information.

3.2 Increases in Uncertainty

Table 2 replaces the high-uncertainty state U with the change in perceived uncertainty, G?.
This provides a more direct test of the central prediction of Smooth Diagnostic Expectations.
The theory links the effective diagnostic distortion to current uncertainty relative to a refer-
ence information set, meaning the distortion should be stronger when current uncertainty is
higher relative to the reference uncertainty. The change in perceived uncertainty therefore

brings the empirical specification closer to this theoretical object.

The results strengthen the conclusion from Table 1. The coefficient on uncertainty-change
G is negative and statistically significant. Firms whose uncertainty increases subsequently
realize lower orders than they had forecast. As in the level specification, uncertainty is associ-
ated with systematic overshooting. The information coefficients remain stable as well: firms
overreact to their own information, as reflected in their forecast revisions, and underreact to

aggregate information.

The key coefficient is the interaction between the firm’s own forecast revision and Gi.
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Table 1: Overrreaction in High-Uncertainty States

Incoming Orders Forecast Error

(1) (2) 3) (4) (5) (6)

Forecast revision, FR,’;,h -0.0300%**  -0.0303***  -0.0222*%*F*  -0.0302*%** -0.0222%F* -0.0302%**
(0.0020)  (0.0020)  (0.0037)  (0.0085)  (0.0037)  (0.0085)

Aggregate information, Ay 0.0040***  0.0013***  0.0013*** 0.0012 0.0012
(0.0003) (0.0004) (0.0004) (0.0008) (0.0008)
High uncertainty, U} -0.0613%F*  -0.0614*%**  -0.0613%** -0.0614***
(0.0115) (0.0115) (0.0115) (0.0115)
FR:, x Uj 0.0101 0.0101
’ (0.0097) (0.0097)
Ay x U} 0.0001 0.0001
(0.0010) (0.0010)
Firm fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes Yes Yes
Number of firms 2,255 2,252 1,203 1,203 1,203 1,203
Observations 134,904 134,507 32,046 32,046 32,046 32,046

Notes: The table reports regressions of forecast errors for incoming orders on firms’ own forecast
revisions, aggregate information, self-reported uncertainty, and their interactions. The dependent
variable is the realized change in incoming orders minus the corresponding forecast. FR;h denotes
the firm’s forecast revision, 4; denotes aggregate information, and U} is an indicator for high self-
reported uncertainty. Column (6) reports the full specification in equation (2); columns (1)—(5)
omit selected terms from the full specification. All specifications include firm, year, and month
fixed effects. Standard errors are clustered by firm and A; is winsorized at the 95 percent level.
*p<0.10; *p<0.05; ***p<0.01.

Smooth Diagnostic Expectations predicts that increases in uncertainty should amplify over-
reaction to information. With the forecast-error convention used here, this corresponds to a
negative interaction coefficient: the slope relating forecast errors to forecast revisions should
become more negative when uncertainty rises. The data show the opposite. The interac-
tion between F' R;h and G! is positive and statistically significant. Thus, upon increases in

uncertainty, the forecast-error slope becomes less negative.

Because G is an ordered change rather than a binary indicator, 34 measures the change
in the forecast-error slope associated with a one-unit increase in perceived uncertainty. The
relevant slope is therefore 3, + 3,G%. At the estimated coefficients, the slope remains negative

for the vast majority of observations, implying that overreaction is weaker, but remains
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present, even when firms report larger increases in uncertainty.’

Equivalently, the implied diagnosticity parameter falls as perceived uncertainty increases:
0(Gy) = — (81 + BaGy).

Since 3; < 0 and 3; > 0, the implied diagnosticity parameter 6(G?) is decreasing in G.
The diagnosticity parameter remains positive in almost all observed cases, but it falls, not

increases, when perceived uncertainty rises.

The aggregate-information interaction is not statistically significant. This sharpens the
interpretation of the main result. The attenuation of overreaction as uncertainty rises occurs
where diagnostic expectations have the clearest empirical mapping: the relation between
firms’ own forecast revisions and their subsequent forecast errors. The evidence therefore
qualifies smooth diagnosticity in its most direct form. Overreaction to firm-specific informa-

tion is not stronger when uncertainty rises; it is weaker.

My results are not specific to the baseline fixed-effect structure or to incoming orders.
Appendix Tables C.1 and C.2 report the incoming-orders specifications without time fixed
effects, while Appendix Table C.3 adds year-month fixed effects. Appendix Tables C.4
and C.5 repeat the analysis using production, the other firm-level variable for which I can
construct both forecast errors and forecast revisions. Across specifications, the results are
close to the baseline estimates: firms overreact to their own information, but this overreaction

is not stronger under higher uncertainty.

Taken together, Tables 1 and 2 deliver a consistent message. Firms overreact to their own
information, supporting the diagnostic-expectations view of belief formation. However, over-
reaction is not stronger in high-uncertainty states and is significantly weaker when firms re-
port an increase in perceived uncertainty. The evidence therefore supports diagnostic expec-
tations as a framework for firm belief formation, while challenging the smooth-diagnosticity

prediction that uncertainty should increase the severity of the diagnostic distortion.

°Gi takes values on {—4,...,4}. The marginal effect of forecast revisions, 31 + B4Gi, is negative for more
than 95 percent of observations.
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Table 2: Overreaction upon Changes in Uncertainty

Incoming Orders Forecast Error

(1) (2) (3) (4)

Forecast revision, FR;h -0.0229%**  _0.0228***  -0.0229*%**  -0.0229%**
(0.0037)  (0.0037)  (0.0038)  (0.0038)

Aggregate information, A;  0.0013***  0.0013***  0.0013***  0.0013%**
(0.0004)  (0.0004)  (0.0004)  (0.0004)

Changes in uncertainty, G -0.0134*** -0.0134*** _0.0138%** -0.0138%**
(0.0027)  (0.0027)  (0.0027)  (0.0027)

FRi, x G 0.0131** 0.0127%*
(0.0062) (0.0063)
A x G 0.0008 0.0007
(0.0006) (0.0006)
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes
Number of firms 1,195 1,195 1,195 1,195
Observations 31,414 31,414 31,414 31,414

Notes: The table reports regressions of forecast errors for incoming orders on firms’
own forecast revisions, aggregate information, self-reported uncertainty, and their
interactions. The dependent variable is the realized change in incoming orders
minus the corresponding forecast. F R;h denotes the firm’s forecast revision, Ay

denotes aggregate information, and G! is the change in self-reported uncertainty.
Column (4) reports the full specification in equation (2); columns (1)—(3) omit se-
lected terms from the full specification. All specifications include firm, year, and
month fixed effects. Standard errors are clustered by firm and A; is winsorized at
the 95 percent level. *p<0.10; **p<0.05; ***p<0.01.

3.3 Behavioral Types and Responses to Experimentally Provided

Information

I next test whether overreaction measured in the panel predicts how firms respond to experi-
mentally supplied information. To do so, I match firms in the KOF panel to the information-
provision experiment of Abberger et al. (2026). In that experiment, firms were randomly
assigned to one of two tariff scenarios: a uniform 10 percent U.S. tariff on goods imported
from all countries, or a 31 percent tariff on goods imports from Switzerland. The origi-
nal experiment shows that these tariff scenarios affected firms’ expectations, with expected

declines in real turnover and investment as well as increases in prices, especially for U.S.
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sales.

For the present paper, the experiment is useful because it provides a controlled infor-
mation environment. I classify firms as overreactors using the panel data. Specifically, I
estimate equation (4) firm by firm and set D; = 1 if the coefficient on the firm’s own forecast

revision is negative and statistically significant at the 10% level.

Figure 1 reports mean experimental responses separately by vignette and by behavioral
firm type. Across several outcomes, firms classified as overreactors report different adjust-
ments from other firms facing the same information vignette. Table 3 reports the corre-
sponding within-vignette differences in means, estimated from regressions of each outcome
on the overreactor indicator within each vignette. The type gaps are highly statistically

significant for all but one price-vignette combination.
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1 1
1 1
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Figure 1: Mean Responses by Behavioral Firm Type

Notes: The figure reports means and 90% confidence intervals for overreacting and non-overreacting
firms by their treatment assignment and outcome variable in the vignette experiment of Abberger
et al. (2026). A firm is classified as an overreactor when its panel behavior displays statistically
significant overreaction to firm-specific information. Firms with less than 10 observations are
excluded from the panel. Outcome variables are measured as percentage changes relative to the
no-tariff-increase benchmark. Confidence intervals are constructed with heteroskedasticity-robust
(HC1) standard errors.

17



The direction of the heterogeneity is also informative. Whenever the difference between
overreactors and other firms is statistically meaningful, the response of overreactors is closer
to zero. Thus, overreactors do not appear to be generally more responsive to all information.

Rather, they respond less to the experimentally supplied tariff scenario than other firms.

This result is useful for interpreting overreaction. The overreaction documented in the
panel concerns firms’ own forecast revisions, which are naturally tied to firm-specific infor-
mation. The vignette, by contrast, provides an externally supplied policy scenario. The
experimental evidence therefore suggests that overreaction is not simply a tendency to move
expectations more in response to any information. It captures a behavioral belief-updating
type that predicts how firms respond to experimentally controlled information, and in this

setting overreactors react less to aggregate policy information.

Table 3: Differences in Experimental Responses by Tariff Vignette

Uniform tariff (10 %) “Liberation Day” (31 %)

A mean SE A mean SE
Real turnover —0.47 1.97 0.92 1.76
Price index —0.52 ** 0.23 —1.10 *** 0.17
Prices: U.S. —2.23 1.79 —6.92 *** 1.20
Prices: rest of world —0.52 *** 0.19 —0.66 *** 0.13
Prices: Switzerland  —0.29 ** 0.14 —0.56 *** 0.10
Investment 0.85 0.61 0.83 1.14

Notes: The table reports differences in means for overreacting and non-
overreacting firms by their treatment assignment in the vignette experiment
of Abberger et al. (2026). Positive values indicate higher outcome means
for overreacting firms. A firm is classified as an overreactor when its panel
behavior displays statistically significant overreaction to firm-specific infor-
mation. Firms with less than 10 observations are excluded from the panel.
Outcome variables are measured as percentage changes relative to the no-
tariff-increase benchmark. Heteroskedasticity-robust (HC1) standard er-
rors are reported in adjacent columns. *p<0.10; **p<0.05; ***p<0.01.

A natural concern is that this heterogeneity could be driven by exposure to the U.S.
market rather than by firm type. The tariff experiment studied by Abberger et al. (2026)
finds that U.S. turnover exposure is an important predictor of experimental responses. |
therefore re-estimate the difference-in-means regressions controlling for an indicator equal to
one if the firm generates more than 20 percent of its turnover in the United States. Appendix
Table C.6 reports the results.
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The type differences are essentially unchanged after controlling for high U.S. exposure.
For outcomes with statistically significant differences, firms classified as overreactors continue
to report responses closer to zero than other firms within the same vignette. The coefficient
on high U.S. exposure absorbs an important economic determinant of the tariff response,

but it does not explain away the heterogeneity by behavioral type.

A potential concern is that the baseline measure of D; uses panel observations collected
after the experiment, so firm type is not strictly predetermined. Because the experiment
occurred near the end of the panel, these observations account for only a small share of the
data used to classify firms. Nevertheless, I reconstruct D; using only pre-experiment panel
observations and re-estimate the within-vignette differences in means. Appendix Table C.7

shows that the results are virtually unchanged.

The experimental evidence offers a direct test of whether overreaction captures a be-
havioral type. The information provided in the vignette concerns a policy scenario rather
than firm-specific information, so the result speaks to whether overreaction predicts belief
updating outside the environment in which it is measured. Firms classified as overreactors
respond differently from other firms to the same information. Thus, overreaction is not
merely a reduced-form pattern in survey forecast errors; it also predicts how firms update

beliefs in response to experimentally controlled information.

4 Conclusion

This paper reaches two conclusions about firm belief updating. First, firms overreact to the
information reflected in their own forecast revisions, but this overreaction weakens rather
than strengthens when perceived uncertainty rises. The evidence is therefore consistent with
diagnostic expectations as an account of overreaction, while challenging the amplification
prediction of Smooth Diagnostic Expectations in this setting. Second, overreaction measured
in the firm panel has behavioral content beyond the forecast-error regression used to identify
it. It predicts how firms respond to the same experimentally supplied information, although
firms classified as overreactors generally respond less, rather than more, to the externally
supplied policy scenario. Taken together, these findings suggest that overreaction is state
dependent and specific to the information type, rather than a fixed tendency to respond

excessively to all information.

An important next step is to identify why overreaction attenuates when subjective uncer-
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tainty rises. A natural design would combine an experimental manipulation of uncertainty
with information provision, while measuring posterior beliefs, information acquisition, and
subsequent decisions. Such a design could help distinguish whether agents respond more
cautiously because they regard signals as less precise, seek additional information, or pro-
cess information more deliberately. Eliciting full subjective distributions could also permit
a more direct comparison of current and reference uncertainty, the theoretical object em-
phasized by Smooth Diagnostic Expectations. Extending these designs to households and
linking changes in belief updating to consumption, pricing, or investment decisions would
help establish how broadly the attenuation result applies and whether it has meaningful

aggregate consequences.
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2501

200

150

Number of Firms

100

50

0 50 100 150 200 250
Observations per Firm

Figure A.1: Distribution of Firm Observations

20

10

-10

First Difference in KOF Business Situation Index
o

2005 2010 2015 2020 2025
Time (Months)

Figure A.2: Aggregate News A; Over Time

26



B Constructing Forecast Errors and Forecast Revisions
from Qualitative Survey Data

Section 2 abstracts from several implementation issues that arise from the qualitative nature
of the survey responses. First, firms report the expected direction of change over the next
three months, whereas realizations refer to the previous month. The response categories are
coded as +1, 0, and —1 for “increase,” “remain the same,” and “decrease,” respectively.
Constructing forecast errors therefore requires aggregating the monthly realizations over the
horizon covered by the forecast. I follow the procedure of Bachmann, Elstner and Sims
(2013), summarized in Panel (a) of Table B.1. Moreover, forecast revisions are constructed
by mapping changes between successive qualitative forecasts into {—1,0,+1}. T use the
procedure of Born et al. (2022), reported in Panel (b) of Table B.1. As is standard in this
literature (Coibion and Gorodnichenko, 2015; Bordalo et al., 2020), the horizons of successive
forecasts do not perfectly overlap.
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Table B.1: Construction of Forecast Errors and Forecast Revisions

(a) Forecast Errors

Realization at t, Rl = 327_ yi_,

Forecast at t — 3, ti|t—3 >0 -0 <0
+1 (Increase) 0 —1 Rig—l
0 (Same) R?i 0 R?};
—1 (Decrease) % 1 0

(b) Forecast Revisions

i
Forecast at t, 3l

Forecast at t — 1, ti oli—1 Decrease Same Increase
Decrease 0 +1 +1
Same -1 0 +1
Increase —1 —1 0

Notes: Panel (a) reports the construction of forecast errors following Bachmann, Elstner and Sims (2013).
Fti|t—3 € {—1,0,+1} denotes firm i’s qualitative forecast, made at ¢t — 3, for the direction of change over the
three-month period ending at t. The corresponding realization is Ri = Z§:o yi_,, where yi_ € {—1,0,+1}
is the firm’s monthly qualitative realization. The forecast error is zero when the expected direction coincides
with the sign of the cumulative realization. The remaining cells report the discrepancy normalized by the
length of the forecast horizon. Panel (b) reports the construction of forecast revisions following Born et al.
(2022). The revision is defined as sign(Fti+3|t - Fti+2‘t_1) € {—1,0,+1}. The notation F' distinguishes
forecasts, which refer to three-month intervals, from the monthly realizations denoted by y.
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C Swupporting Results

Table C.1: Robustness for High-Uncertainty States — No Time Fixed Effects

Incoming Orders Forecast Error

(1) (2) (3) (4) (®) (6)

Forecast revision, FR;h -0.0317*%%  -0.0319***  -0.0244*** -0.0324***  -0.0244**F*  -(0.0324***
(0.0020)  (0.0020)  (0.0037)  (0.0085)  (0.0037)  (0.0085)

Aggregate information, Ay 0.0046***  0.0023***  0.0023***  0.0020** 0.0020**
(0.0003) (0.0004) (0.0004) (0.0009) (0.0009)
High uncertainty, U} -0.0606***  -0.0607***  -0.0607*** -0.0608***
(0.0115) (0.0115) (0.0115) (0.0115)
FR;, x U} 0.0101 0.0101
(0.0097) (0.0097)
Ay x U} 0.0004 0.0004
(0.0010) (0.0010)
Firm fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects No No No No No No
Month fixed effects No No No No No No
Number of firms 2,255 2,252 1,203 1,203 1,203 1,203
Observations 134,904 134,507 32,046 32,046 32,046 32,046

Notes: The table reports regressions of forecast errors for incoming orders on firms’ own forecast revisions,
aggregate information, self-reported uncertainty, and their interactions. The dependent variable is the real-
ized change in incoming orders minus the corresponding forecast. F R; 5, denotes the firm’s forecast revision,
Ay denotes aggregate information, and U} is an indicator for high self-reported uncertainty. Column (6) re-
ports the full specification in equation (2); columns (1)—(5) omit selected terms from the full specification.
All specifications include firm fixed effects and standard errors are clustered by firm. A; is winsorized at the
95 percent level. *p<0.10; **p<0.05; **p<0.01.
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Table C.2: Robustness for Changes in Uncertainty — No Time Fixed Effects

Incoming Orders Forecast Error

(1) (2) (3) (4)

Forecast revision, FR;h -0.0250***  -0.0250***  -0.0251*%**  -0.0250%**
(0.0038)  (0.0038)  (0.0038)  (0.0038)

Aggregate information, A;  0.0020***  0.0020***  0.0020%**  0.0020***
(0.0004)  (0.0004)  (0.0004)  (0.0004)

Changes in uncertainty, Gé -0.0141%%%  _0.0141***  -0.0145*** -0.0144***
(0.0027)  (0.0027)  (0.0027)  (0.0027)

FRi, x G 0.0116* 0.0112*
(0.0062) (0.0063)
A x G 0.0007 0.0007
(0.0006) (0.0006)
Firm fixed effects Yes Yes Yes Yes
Year fixed effects No No No No
Month fixed effects No No No No
Number of firms 1,195 1,195 1,195 1,195
Observations 31,414 31,414 31,414 31,414

Notes: The table reports regressions of forecast errors for incoming orders on firms’
own forecast revisions, aggregate information, self-reported uncertainty, and their
interactions. The dependent variable is the realized change in incoming orders
minus the corresponding forecast. F R;h denotes the firm’s forecast revision, Ay
denotes aggregate information, and G! is the change in self-reported uncertainty.
Column (4) reports the full specification in equation (2); columns (1)—(3) omit se-
lected terms from the full specification. All specifications include firm fixed effects
and standard errors are clustered by firm. A; is winsorized at the 95 percent level.
*p<0.10; **p<0.05; ***p<0.01.
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Table C.3: Robustness for Uncertainty — Year-Month Fixed Effects

Incoming Orders Forecast Error

(1) (2) (3) (4)

()

Forecast revision, FR,’;JL -0.0300***  -0.0228***  -0.0304***  -0.0234*** -0.0234***
(0.0019) (0.0037) (0.0086) (0.0037) (0.0037)
High uncertainty, U} -0.0624***  -0.0625%**
(0.0115) (0.0115)
FR;, x U} 0.0096
(0.0097)
Changes in uncertainty, Gi -0.0130***  -0.0130%**
(0.0027) (0.0027)
FR;, x G} 0.0128**
(0.0062)
Firm fixed effects Yes Yes Yes Yes Yes
Year-month fixed effects Yes Yes Yes Yes Yes
Number of firms 2,255 1,203 1,203 1,195 1,195
Observations 134,904 32,046 32,046 31,414 31,414

Notes: The table reports regressions of forecast errors for incoming orders on firms’ own fore-
cast revisions, self-reported uncertainty, and their interactions. The dependent variable is the
realized change in incoming orders minus the corresponding forecast. F'R}, denotes the firm’s

forecast revision, U} is an indicator for high self-reported uncertainty, and G% is the change in
self-reported uncertainty. All specifications include firm and year-month fixed effects. Rela-
tive to equation (2), the aggregate information variable A; is absorbed by the year-month fixed
effects and is therefore omitted; specifications also omit interactions involving A;. Standard er-

rors are clustered by firm. *p<0.10; **p<0.05; ***p<0.01.
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Table C.4: Robustness for High-Uncertainty States — Alternative Outcome

Production Forecast Error

(1) (2) (3) (4) (5) (6)
Forecast revision, FR;,Z -0.0231**%*%  -0.0235***  -0.0164***  -0.0153**  -0.0165***  -0.0153**
(0.0018) (0.0018) (0.0034) (0.0069) (0.0034) (0.0069)
Aggregate information, A; 0.0027%** 0.0005 0.0005 0.0002 0.0002
(0.0003) (0.0004) (0.0004) (0.0007) (0.0007)
High uncertainty, U} -0.0631***  -0.0631*** -0.0632*** -0.0632***
(0.0106) (0.0106) (0.0106) (0.0106)
FR;, x U} -0.0014 -0.0014
(0.0083) (0.0083)
Ay x U} 0.0004 0.0004
(0.0009) (0.0009)
Firm fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes Yes Yes
Number of firms 2,226 2,223 1,182 1,182 1,182 1,182
Observations 131,241 130,866 30,573 30,573 30,573 30,573

Notes: The table reports regressions of forecast errors for production on firms’ own forecast revisions, ag-
gregate information, self-reported uncertainty, and their interactions. The dependent variable is the realized
change in production minus the corresponding forecast. F R;h denotes the firm’s forecast revision, A; de-
notes aggregate information, and U} is an indicator for high self-reported uncertainty. Column (6) reports
the full specification in equation (2); columns (1)—(5) omit selected terms from the full specification. All
specifications include firm, year, and month fixed effects. Standard errors are clustered by firm and A; is
winsorized at the 95 percent level. *p<0.10; **p<0.05; ***p<0.01.
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Table C.5: Robustness for Changes in Uncertainty — Alternative Outcome

Production Forecast Error

(1) (2) (3) (4)
Forecast revision, FR;h -0.0154***%  -0.0153*** -0.0153*** -0.0152%**
(0.0034) (0.0034) (0.0034) (0.0034)
Aggregate information, A 0.0006 0.0006 0.0006 0.0006
(0.0004) (0.0004) (0.0004) (0.0004)
Changes in uncertainty, G¢  -0.0039* -0.0039* -0.0043%* -0.0043*
(0.0023) (0.0023) (0.0023) (0.0023)
FR;h x Gi 0.0142%* 0.0139**
(0.0060) (0.0060)
A x GY 0.0007 0.0007
(0.0006) (0.0006)
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes
Number of firms 1,174 1,174 1,174 1,174
Observations 29,972 29,972 29,972 29,972

Notes: The table reports regressions of forecast errors for production on firms’ own
forecast revisions, aggregate information, self-reported uncertainty, and their in-
teractions. The dependent variable is the realized change in production minus the
corresponding forecast. F' Rz,h denotes the firm’s forecast revision, A; denotes ag-

gregate information, and G? is the change in self-reported uncertainty. Column (4)
reports the full specification in equation (2); columns (1)—(3) omit selected terms
from the full specification. All specifications include firm, year, and month fixed
effects. Standard errors are clustered by firm and A; is winsorized at the 95 per-
cent level. *p<0.10; **p<0.05; ***p<0.01.
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Table C.6: Robustness for Differences in Experimental Responses — Tariff Exposure

Uniform tariff (10 %) “Liberation Day” (31 %)

A mean SE A mean SE
Real turnover —0.72 1.92 0.77 1.42
Price index —0.44 ** 0.19 —1.07 *** 0.26
Prices: U.S. —-2.13 1.79 —6.64 *** 1.37
Prices: rest of world —0.53 *** 0.20 —0.61 *** 0.14
Prices: Switzerland  —0.27 * 0.15 —0.59 *** 0.11
Investment 0.77 0.64 0.81 1.16

Notes: The table reports differences in means for overreacting and non-
overreacting firms by their treatment assignment in the vignette experi-
ment of Abberger et al. (2026). The difference-in-means regressions
control for an indicator equal to one if the firm generates more
than 20 percent of its turnover in the United States. Positive val-
ues indicate higher outcome means for overreacting firms. A firm is clas-
sified as an overreactor when its panel behavior displays statistically sig-
nificant overreaction to firm-specific information. Firms with less than 10
observations are excluded from the panel. Outcome variables are mea-
sured as percentage changes relative to the no-tariff-increase benchmark.
Heteroskedasticity-robust (HC1) standard errors are reported in adjacent
columns. *p<0.10; **p<0.05; **p<0.01.
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Table C.7: Robustness for Differences in Experimental Responses — Pre-experiment Panel

Uniform tariff (10 %) “Liberation Day” (31 %)

A mean SE A mean SE
Real turnover 0.63 2.33 2.32 1.54
Price index —0.63 *** 0.22 —1.11 *** 0.17
Prices: U.S. —-0.73 3.42 —6.88 *** 1.18
Prices: rest of world —0.46 ** 0.23 —0.65 *** 0.13
Prices: Switzerland  —0.25 0.17 —0.56 *** 0.10
Investment 0.61 0.79 —0.36 1.53

Notes: The table reports differences in means for overreacting and non-
overreacting firms by their treatment assignment in the vignette experi-
ment of Abberger et al. (2026). Positive values indicate higher outcome
means for overreacting firms. A firm is classified as an overreactor when its
pre-experiment panel behavior displays statistically significant overreac-
tion to firm-specific information. Firms with less than 10 observations are
excluded from the panel. Outcome variables are measured as percentage
changes relative to the no-tariff-increase benchmark. Heteroskedasticity-
robust (HC1) standard errors are reported in adjacent columns. *p<0.10;
*p<0.05; **p<0.01.
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D The Survey Questions

Question on Realized Incoming Orders

In the past month compared to the previous incoming orders have:

e increased
e remained the same

e declined
Question on Realized Production

In the past month compared to the previous production has:

e increased
e not changed

e decreased
Question on Future Development

To predict the future development of our business situation is currently:

— easy
— rather easy
rather difficult
— difficult

Question on Incoming Orders Expectations

It is likely that in the next 3 months incoming orders will:

o increase
o remain the same

o decrease
Question on Production Expectations

It is likely that in the next 3 months production will:

o increase
o remain the same

o decrease
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