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1. Introduction

Keynes (1936) famously observed that a successful investment is one that anticipates what other investors
will think is a successful investment. But if those other investors are following the same logic, successful
investing then requires anticipating what others will anticipate you anticipate about their anticipation. This
iteration over increasingly higher-order beliefs (i.e., what I think you think I think...) is central to many
economic scenarios and has become increasingly emphasized and studied in the macroeconomic context.
Woodford (2003), for example, shows how noisy private information can lead firms to change their prices
very gradually due to the slow-moving higher-order beliefs about the actions of other firms. More recent
work has emphasized how different assumptions about higher-order beliefs can alleviate the “forward
guidance” puzzle' (e.g. Angeletos and Lian 2018, Gabaix 2020, Fahri and Werning 2019). But a major
stumbling block to this literature has been the complete absence of any empirical evidence, other than that
of the experimental literature, on the higher-order beliefs of economic agents, especially when it comes to
their expectations of macroeconomic variables.?

This paper takes a first step at filling this gap by studying the higher-order macroeconomic
expectations of firm managers using a novel survey of firms in New Zealand. This survey asks managers
not only about their own expectations over macroeconomic variables (first-order expectations) as in
Coibion, Gorodnichenko and Kumar (2018; henceforth CGK), but also about what they think other
managers expect for inflation, i.e. their higher-order beliefs. This allows us to provide a unique set of facts
relating first-order and higher-order macroeconomic beliefs of firms. We also provide new evidence on the
learning process through a variety of randomized information treatments that characterize how agents’ first-

and higher-order beliefs respond to different kinds of information about the economy. Jointly, these data

! Standard New Keynesian models that abstract from information frictions imply that announcements about monetary
policy in the distant future can have unrealistically large contemporaneous economic effects.

2 The experimental literature has documented a number of striking features about higher-order expectations, and we
explicitly build on this previous work. The main differences are that we study actual macroeconomic expectations of
actual firm managers, rather than much more narrowly defined expectations of undergraduates in typical experiments.
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provide a novel set of empirical facts that can be used to discipline and test models of higher-order thinking.
We document a number of dimensions along which noisy-information models with higher-order
expectations are (and are not) consistent with the facts from the survey.

The survey builds on earlier surveys of firms in New Zealand described in CGK and Kumar et al.
(2015). Relative to this earlier work, we rely on two new waves of the survey run in 2017Q4-2018Q2 using
a fresh draw of firms. We highlight several features of this unique data set. First, the average higher-order
forecast of inflation across firms is almost identical to the average first-order forecast of inflation. Second,
the cross-sectional standard deviation of higher-order beliefs (disagreement) is significantly smaller than
the dispersion in first-order beliefs about inflation. Third, the average uncertainty around firms’ higher-
order beliefs about inflation is significantly lower than their uncertainty around their own forecasts. Fourth,
we find in the cross-section that firms with larger forecasts of inflation also tend to have larger higher-order
inflation forecasts, but the correlation is not perfect. Fifth, the amount of disagreement across agents in both
first-order and higher-order beliefs is greater than the average amount of uncertainty in both first-order and
higher-order beliefs. Sixth, providing firms with information about the higher-order beliefs of other firms
moves both first-order and higher-order beliefs significantly more than providing firms with information
about the first-order beliefs of other firms.

These stylized facts provide a unique and novel way to test and calibrate noisy-information models
with infinite regress (i.e., when agents can correctly infer what others think about what they think about
what others think...). For example, we show that a basic noisy-information model in which agents receive
both public and private signals about the fundamental is consistent with both the lower disagreement and
uncertainty around higher-order forecasts than first-order forecasts. As the relative levels of each are
determined by the same underlying parameter in the model, the empirical moments also provide an
overidentification test that is not rejected by the data. However, we also document that the basic noisy-
information model is inconsistent with several of the stylized facts coming from our survey. One such
counterfactual prediction of the model is that the cross-sectional correlation between individuals’ first-order
and second-order beliefs should be exactly one, whereas that correlation is positive but less than one in the
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data. A second counterfactual prediction of the model is that the uncertainty in either first- or higher-order
inflation forecasts should be equal to the cross-sectional disagreement in those same forecasts, whereas in
the data uncertainty is systematically and significantly lower than the amount of disagreement. Finally, the
model is inconsistent with the fact that information treatments regarding higher-order beliefs of firms have
stronger estimated effects on expectations than information treatments regarding first-order beliefs. A basic
noisy-information model instead implies that, in updating their beliefs in response to these signals,
managers should place more weight on their prior beliefs when told about the average higher-order beliefs
of other firms than when told about the average forecast of other firms, because they tend to be more
confident about the former than the latter. Our empirical evidence goes in precisely the opposite direction:
the estimated weight on prior beliefs is actually much smaller when firms are told about the higher-order
beliefs of other firms than about their first-order beliefs.

Given the inability of the basic noisy-information model to explain these empirical facts, we
consider whether variations on the basic model help match the data. Most help only along some dimensions.
For example, if agents receive both private and semi-public (rather than public) signals, this can potentially
explain the imperfect cross-sectional correlation between first-order and higher-order beliefs found in the
survey. However, this alternative formulation of the model does not help in reconciling theory and empirics
along the other margins: the cross-sectional variance and uncertainty of expectations are still the same in
this model, and agents should not be responding more strongly to signals about higher-order than first-order
beliefs unless the former was much more precise. Similarly, if we allow agents to be “overconfident” about
the precision of private signals, as in e.g. Daniel, Hirshleifer, and Subrahmanyam (1998), we can account
for the lower forecast uncertainty than cross-sectional dispersion in beliefs found in the data (since the
overconfidence of agents reduces their uncertainty relative to what it should be). But by itself, this form of
overconfidence still cannot explain the stronger reaction of beliefs in empirical treatments to signals about
higher-order beliefs than first-order beliefs. Allowing for measurement error in survey responses or
differences in level-k thinking, which determines how higher-order beliefs are formed, again can help along
one or two dimensions but are generally unable to fully bring the model in line with the empirical evidence.
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Furthermore, we provide evidence that these mechanisms are either too small to bring data and theory into
line or that they make additional predictions which are at odds with the data.

A more promising solution is allowing for the possibility that agents hold different beliefs about
long-run levels of inflation toward which they skew their forecasts, as in Patton and Timmermann (2010).
In this environment, differences in forecasts across agents reflect not just idiosyncratic signals but also
heterogeneity in beliefs about long-run outcomes (“long-run” priors). Since agents are aware of their own
long-run priors, cross-sectional disagreement in forecasts (which is magnified by differences in priors)
exceeds forecast uncertainty (which is independent of long-run priors), consistent with the data. If agents
are unsure about the exact distribution of others’ long-run priors, then the model also implies an imperfect
(albeit positive) correlation between first-order and higher-order beliefs, again in line with the data. A key
characteristic of this model is that, because agents know about their own long-run priors, they try to undo
this effect when forming beliefs about others’ beliefs: higher-order beliefs are therefore less dispersed and
more precise than in the basic noisy-information model. Long-run priors also provide variation that can
account for why information about higher-order beliefs can result in lower estimated weight on priors.
However, the additional flexibility afforded by the model implies that its parameters are now under-
identified by the moments of our data (but can be potentially identified with additional data) and the
mapping between data and theory documented for the basic noisy-information model is more complex.
Nonetheless, we interpret this approach as providing a viable avenue to reconciling the data with the broader
class of noisy-information models.

Our paper speaks directly to several literatures. The first focuses on providing empirical evidence
on the nature of the expectation formation process of different economic agents. The second consists of
theoretical work emphasizing the importance of higher-order beliefs in accounting for macroeconomic and
financial dynamics. We contribute to both literatures by providing new empirical evidence on both first-
order and higher-order beliefs of firms and show how this evidence can be used to test and quantify
theoretical models of higher-order beliefs.

There is, by now, an extensive literature on how households, firms, financial market participants
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and even central bankers form their expectations, especially about aggregate conditions. One strand of this
literature has focused primarily on how expectations data can speak to models of the expectation formation
process. Coibion and Gorodnichenko (2012, 2015), for example, document a systematic under-reaction of
the expectations of these agents to macroeconomic shocks, consistent with models of imperfect information
acquisition and processing. More recent work such as Bordalo et al. (2018, 2019, 2020), Broer and Kohlhas
(2018), Angeletos, Huo and Shastry (2020), and Afrouzi et al. (2020) provide evidence that there is
concurrently an element of over-reaction in their expectations, albeit along different dimensions. A closely
related approach relies on randomized information treatments to characterize how agents respond to new
information (Armantier et al. 2015, Cavallo et al. 2017). Another strand of this literature has focused on
characterizing whether/how agents’ macroeconomic expectations affect their decisions. CGK and Coibion,
Gorodnichenko and Ropele (2020), for example, show how the inflation expectations of firms feed into
their pricing, investment, and employment decisions. Crump et el. (2018), Coibion, Gorodnichenko and
Weber (2019), and D’ Acunto et al. (2020) focus on the link between inflation expectations and consumption
decisions of households. Roth and Wolfhart (2020) study the link between households’ macroeconomic
optimism and their desired spending. Our main contribution relative to this literature is that we are the first
to provide direct empirical evidence on the higher-order beliefs of firms and to characterize how these relate
to their first-order beliefs as well as the characteristics of both the firm and the manager. We are also the
first to include information about higher-order beliefs as a source of information in randomized treatments
as well as to study how higher-order beliefs respond to new information.

There has also been, in parallel, a growing body of theoretical work emphasizing the potential
importance of higher-order thinking and dynamics in macroeconomics and finance. Angeletos and La’O
(2009), for example, highlight the importance of considering higher-order beliefs separately from an agent’s
own beliefs. Bacchetta and Wincoop (2008) show that the difference between higher-order and own
expectations is important for determining the pricing volatility of assets as well as the link between asset
pricing and expectations of future asset payoffs. Nimark (2008) emphasizes the role of higher-order
expectations in pricing decisions for generating inflation inertia. Angeletos and Huo (2020) show that
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higher-order expectations can generate dynamics equivalent to myopia and anchoring. Huo and Takayama
(2015) study the role of higher-order beliefs in generating persistent effects of confidence shocks. We
contribute to this literature by providing a novel set of moments on the higher-order beliefs of firms and
show how these can be used to test and quantify models of higher-order beliefs.

The remainder of the paper is organized as follows. We first describe in section II how the survey was
implemented as well as the key empirical findings from the survey and information treatments. Section III
considers how well a basic noisy-information model of higher-order expectations under strategic
complementarities in prices and infinite regress in expectations can account for the empirical patterns as well
as how the data can be used to calibrate parameters of the model. Section IV considers extensions and
alternatives to the basic noisy-information model that can potentially reconcile theory and data. Section V

concludes.

I1. Survey

This paper utilizes two additional waves of the survey of firm managers in New Zealand described in CGK.
The first wave was implemented between 2017Q4 and 2018Q1. The follow-up ran from 2018Q1 to
2018Q2, such that each firm manager from the first wave was invited to participate in the second wave
three months after his or her initial interview. The first wave included 1,025 firms, with 515 of these

participating in the second wave.

IILA. Sampling Frame and Protocol

We obtained information on the population of firms in New Zealand from two sources: Kompass New
Zealand (KNZ) and Equifax (EQ). Following the Australia and New Zealand Standard Industrial
Classification 2006 (ANZSICO06), firms are classified into one of four broad industries: manufacturing,
trade, construction and transportation, and professional and financial services. Following CGK, we focus
on firms with six or more employees. We targeted for two thirds of the sample to come from professional

and financial services and manufacturing as these industries account for relatively large shares of New



Zealand’s GDP (New Zealand Treasury, 2016).° The remainder of the sample comes from firms in other
industries, i.e. trade, construction, communication and transportation. We excluded industries related to the
government, community service, agriculture, fishing and mining, and energy, gas, and water from the
sample. These sectors are often dominated by a few extensively regulated firms or by very small firms.
Within each industry, firms are classified as small (6-19 workers), medium (20-49 workers) and large (50
or more workers). To make the survey population more representative, we oversampled firms with 50-99
workers and 100+ workers in each industry. To this end, we contacted all firms that fall into these two
employment size groups. We then computed the relative shares of firms in the remaining employment size
groups and include enough firms to match the relative share of their size and industry.

To achieve the target of 1,000 firms in the sample, we invited 10,100 firms to participate in the
survey. Each firm’s general manager received an email containing an information sheet and survey
questionnaire about ten days before receiving a phone call to collect responses. Note that the initial
questionnaire sent to managers did not include the treatment information and the subsequent related
questions. We called each firm three times to elicit responses. After the third round of calls, we examined
the response rates for sectors, subsectors, and employment size groups. We then targeted groups in which
responses rates were low. We continued contacting firms until we hit the target sample size. Appendix F
reports response rates by industry and size.

Responses were collected over the phone. A research assistant (RA) called the general manager
and recorded answers by hand while also recording the phone call. An independent RA then listened to the
recording and confirmed the accuracy of the handwritten responses. For the confidentiality of the
participants, the recordings were deleted following data collection. The handwritten questionnaires were

then entered into a spreadsheet, with two independent RAs verifying that the handwritten and spreadsheet

3 New Zealand Treasury (2016), New Zealand: Economic and Financial Overview 2016, Wellington. See
https://treasury.govt.nz/sites/default/files/2010-04/nzefo-16.pdf.




responses matched. As discussed in CGK, responses of managers are consistent with information available
from other sources and the quality of the survey is reasonably high.*

We provide some summary statistics of the characteristics of respondents in Table I. The average
firm size is relatively small, with about 40 employees. This is representative of the distribution of firm size
in New Zealand. Some firms, however, are much larger, with the biggest having 800 employees. The
average firm in our sample is 26 years old and sells most of its products in New Zealand. However, our
sample also includes many firms that export extensively. In addition, we collected some characteristics of
the individual respondents. Most have been at the firm over 10 years and are well-educated, with average
years of schooling exceeding 16 years. Twenty percent of respondents are women. Overall, there is
relatively little cross-sectional variation in managers’ socioeconomic characteristics.

The second wave (follow-up) of the survey was implemented three months after the initial wave. For
the follow-up, we contacted all firms that participated in the main wave of the survey. The response rate was
approximately 50 percent. We achieved a high response rate because we provided respondents with a
monetary incentive of a $50 gift voucher and a dinner and entertainment ticket worth $50. Further, respondents
were entered into a pool to win a cash prize of $5,000. The main reason for non-participation was that the

general manager was too busy to respond in a reasonable time frame. We find (Appendix Table 1) that the

4 We verified our survey data against the publicly available online information in four ways. First, we verified
managers’ responses about the age of the firm using the information from the Companies Office or their website. We
find that the reported age in the survey match exactly with the information available in the Companies Office or their
website for 1012 firms. Information about the age of the remaining 20 firms is not available in any other source.
Second, we verified whether the firm exports or not. For firms that indicated in the survey that they export overseas,
this information is available on their websites. Third, we asked in the survey about the number of directors, number
of shareholders and the number of shares issued in the business. There are 862 firms classified as companies in this
survey, i.e. public or private companies. We find that more than 98 percent of these firms’ responses match with the
information available in the Companies Office. Last, we verified survey responses on firms’ products and prices. To
do this, we randomly selected around 20 percent of the firms (206 firms) and asked them about their main product and
price of the main product. For 203 firms, details about their main products are available in their websites. 43 out of
203 firms list their prices online. The reported prices of main products do not match the online information for only 4
firms; this is equivalent to 1 percent. For firms whose prices are not listed online, we made phone enquiries about the
price of their main products. These were general customer enquiries about their prices. To this end, we made 163
phone enquiries and 94 percent of the firms’ reported price matched with the quotes provided.



observable characteristics of managers/firms do not help predict whether firms participated in the second
round.

IL.B. Survey questions

After collecting basic demographic information about firms, the survey asks respondents to report their
beliefs about future aggregate variables (inflation, unemployment rate, and wages) and about future firm-
specific outcomes (employment, fixed assets, prices, and wages). The horizon for aggregate variables is
one-year ahead. The horizon for firm-specific variables is three-month ahead (which was determined by the
timing of the follow-up) and six-month ahead. Firms were also asked to report their perceptions and nowcasts
(e.g., their perception of inflation over the previous twelve months). The survey asks a few hypothetical
questions to provide us with estimates of parameters that would be difficult to identify otherwise.

Inflation expectations were elicited in two ways. First, firms were asked to assign probabilities to
possible outcomes (see Appendix Table 2 for specific formulation of questions). These distributional
questions are similar to the questions asked in the Survey of Consumer Expectations (SCE) run by the
Federal Reserve Bank of New York. Second, firms were asked to provide point predictions for future
inflation and other variables. We do not restrict responses for this type of questions in any way (e.g., we do
not censor responses or prompt respondents to reconsider if responses are outside some range). In contrast
to previous surveys, we collect information not only about managers’ own expectations about future
inflation but also about what managers think about other managers’ inflation expectations.

These questions were consistently asked in the same order, with questions about their own
expectations first and those about higher-order expectations second. Since order effects can be a concern in
surveys (Schuman and Presser 1981), we verified in a later survey of New Zealand firms that the ordering
of questions did not materially affect managers’ responses regarding their first-order and second-order
beliefs. Specifically, in this later wave, some randomly selected firms were asked to report their higher-
order beliefs first while other randomly selected firms were asked to report their first-order beliefs first. We
find that the ordering of questions had no effect on either means or standard deviations of the distributions

of answers for either set of questions (Appendix Table 8). This is consistent with earlier evidence in Kumar
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et al. (2015) that surveys of managers tend to be less sensitive to wording choices than surveys of
households.

The survey has two additional novel parts. First, after the core part of the survey is complete,
respondents are invited to participate in a strategic game to infer their level of thinking. This game is similar to
the approach of Nagel (1995) and we provide more details in section IV.E. Second, after the game, firms are
randomly assigned into control and treatment groups. Firms in treatment groups are provided with different
pieces of information, while firms in the control group are told nothing. The treatments are described in section
IL.D, but some include information about the higher-order expectations of other firms. We use these treatments
to study how firms form their expectations and how they use these expectations to set prices, wages,

employment, and fixed assets.

II.C. Unconditional Moments of First and Higher-Order Expectations
To gauge firms’ expectations of inflation as well as their expectations of what other managers expect about
inflation, we rely primarily on probability distribution questions. Firms were first asked to assign probabilities
to a wide range of different possible outcomes for overall price changes over the next 12 months, following
CGK. From the probabilities that they assign, we construct implied forecasts of each manager using mid-point
values of each bin (the two end bins are assigned values of +30 and -30). We also measure the uncertainty in
their forecasts (standard deviation of probabilities across bins). To measure their higher-order expectations,
firms were asked an equivalent distributional question (Appendix Table 2) with respect to what they believe
“other managers (drawn from all sectors of the New Zealand economy in a representative way) think will
happen to overall prices in the economy.” Using this question, we construct the implied forecast and
uncertainty of each manager for their higher-order expectation. To the best of our knowledge, this is the first
time anyone has surveyed firm managers about their higher-order expectations of macroeconomic variables.
Summary results are presented in Table II. In terms of first-order inflation expectations, the results
closely follow CGK. The average forecast of inflation across managers is 3.4%, significantly above actual

inflation at the time. Managers are quite uncertain about their forecasts, with an average standard deviation
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in their forecasts of 1.1 percentage point. They also display significant disagreement: the cross-sectional
standard deviation in forecasts is 3%. These results are also similar to the moments of households’ inflation
expectations in the SCE (Kumar et al. 2015). Respondents were asked to provide forecasts of the
unemployment rate and changes in wages over the next twelve months, both using distributional questions.
Their responses are uncorrelated with their forecasts of inflation but are similarly dispersed. They anticipate
on average relatively low wage growth (1.1%) and relatively high unemployment (a 12-month forecast of
unemployment of 4.9% at a time when the actual unemployment rate was 4.4%). Respondents were also
asked about planned actions on the part of their firms over the next 3 months. As reported in Table II,
managers expected their firms to raise their prices by less than 1% and raise their wages by very little,
whereas they expected their employment to grow by 3% and their investment by close to 2%. In each case,
the cross-sectional distribution is very dispersed around these numbers (although much less so for wage
growth), with firms reporting a wide range of expected outcomes.

The most novel dimension of the survey is the fact that respondents were asked about their higher-
order inflation expectations, i.e. what they thought other managers were predicting for aggregate inflation
over the next twelve months. First, we find that the mean higher-order inflation expectation is almost
identical to the mean first-order inflation expectation (3.5% vs. 3.4%), and we cannot reject the null of
equality for the two. Thus, we do not observe a stronger or weaker bias in higher-order expectations than
we do in lower-order inflation expectations. Note that this equality in the average first- and higher-order
forecasts is not because managers report identical values for the two. In fact, only 2% report the same first-
order and higher-order forecasts.®> Figure I plots the underlying distributions of both first-order forecasts
(Panel A) and higher-order forecasts (Panel B). The two are quite different. For example, first-order
forecasts have a large mass of forecasts between 0 and 2% but a significant tail of much higher values,

while higher-order forecasts have a smaller mass in the 0-2% range but a larger one in the 3-4% range. The

5 We also find that 44% of respondents report positive probability for a fewer number of inflation bins in their higher-
order inflation expectations than first-order expectations. 28% report positive probability in the same number of bins.
28% report positive probability for a greater number of inflation bins in their higher-order inflation expectations than
first-order expectations.
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near-equality of the average forecasts is therefore not an artifact of respondents providing the same
responses to first-order and higher-order forecasts. Figure 1 also shows that, conditional on assigning a
positive probability to an inflation bin, assigned probabilities vary considerably and so the average
probability assigned to a bin (red circles in the figure) masks dramatic heterogeneity across managers.

Figure II plots the distribution of the within-manager difference in expectations (first-order
expectations minus higher-order expectation) across managers. The figure demonstrates that, even within
a given inflation bin, a typical manager often assigns different probabilities to first-order and higher-order
expectations. For example, while the mean probability assigned to the [0,2) inflation bin is similar for first-
order expectations (32.7) and higher-order expectations (27.7), the standard deviation of the within-
manager probability difference for this bin is 32.8. The average difference in assigned probabilities across
bins (red circles in the figure) has an inverted-W shape: the difference is negative for bins [2,4) and [4,6)
and positive for bins [-4,-2), [-2,0) and [6,8), [8,10). This pattern suggests that, when we examine the within-
manager distribution of beliefs, the distribution of higher-order beliefs for a given manager is on average
more concentrated than the distribution of first-order beliefs of that manager.

There is, nonetheless, a strong positive correlation between a manager’s inflation forecast and their
higher-order expectation (Figure III). Managers who expect higher inflation also tend to believe that other
managers expect higher inflation as well. This relationship is imperfect, with a correlation of 0.68, but the
slope coefficient between the two is strongly positive at 0.66 and statistically significant at standard levels.
First-order expectations are therefore informative about managers’ higher-order beliefs, but there is clearly
independent variation in the latter that is not explained by the former.

Table II reveals two other striking facts about higher-order inflation beliefs of managers in New
Zealand. One is that there is significantly lower cross-sectional disagreement in higher-order beliefs than
in first-order beliefs: the cross-sectional standard deviation of higher-order beliefs is 2.4%, well below the
3.1% found for first-order beliefs. In other words, while managers disagree a lot about what will happen to
inflation over the next year, there is much more agreement about what they think other managers are
predicting inflation to be. As we discuss in more detail in sections III and IV, this pattern points toward a
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role for public signals since public signals will lead to coordination in higher-order beliefs.

Another novel characteristic of the data documented in Table II is that managers are generally more
certain about their higher-order inflation forecasts than they are about their first-order forecasts: the average
uncertainty in higher-order forecasts is 0.9% whereas it is 1.1% for first-order forecasts. We can again
strongly reject the null of equality for these two levels of uncertainty. Our results in Figure II suggest that
this pattern does not arise from aggregation but rather stems from within-manager differences. One might
expect uncertainty to accrue as agents extrapolate from their belief to what others might know, but the
opposite is true in the data: confidence is higher about the beliefs of others than about their own beliefs. As
discussed in subsequent sections, this striking feature of the data is also consistent with simple models of
noisy information in which agents receive public signals along with their private signals.

A final fact apparent from Table Il is that the average level of uncertainty in managers’ forecasts (both
first-order and higher-order) is lower than the average cross-sectional dispersion in those same forecasts. For
both first-order and higher-order beliefs, we can strongly reject the null of equality in average disagreement
and cross-sectional dispersion. Uncertainty and disagreement are sometimes treated as interchangeable in the
literature, but we find a clear difference in their levels here, both for first-order and higher-order beliefs. As
we will see in sections III and IV, this feature of the data will be one of the most difficult to explain in the
context of theoretical models, which generally impose a very tight link between uncertainty and
disagreement.®

These facts hold when we examine sample splits by firm or manager characteristics (Appendix
Figure 6 and Appendix Table 3). Consistent with CGK, manager characteristics appear to play little role in
generating cross-sectional heterogeneity (see also Appendix Table 7), likely reflecting the fact that
managers are much less heterogeneous than the general population. There is more variation in the moments
across firm characteristics such as size, age, and the number of competitors but the qualitative patterns are

similar across subsamples.

¢ Appendix Figure 5 shows histograms for implied-mean predictions and uncertainty for first- and higher-order
expectations.
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ILLD. Effect of Information Treatments on Expectations
In addition to these unconditional moments of respondents’ expectations, we conducted an experiment to
assess how agents revise both their first- and higher-order beliefs in response to new information. After asking
firms about their inflation expectations and higher-order expectations in the initial wave of the survey, we
provided randomly selected subsets of firms with different types of information. We divided managers into
five groups. Group A is a control group and did not receive any information. The surveys of 300 respondents
in Group A were completed first and the resulting moments of this group were used to implement the
subsequent information treatments (which require information about firms’ beliefs). Group B received
information about the average belief of survey participants about inflation. Group C received information
about the average higher-order inflation expectations of survey participants. Group D’s signal consisted of
both information about average expectations and average higher-order expectations. Note that average first-
order and higher-order expectations estimated from the control group, 3.3% and 3.5% respectively, are very
similar to the average expectations for the full sample presented in Table II. We utilize Group E to compare
the impact of information about other managers’ beliefs to information about lagged inflation, as in CGK.
Immediately after providing firms with information,” we asked them to report their point
predictions for inflation (one-year ahead) and for their beliefs about what other managers in the economy
predict for inflation (one-year ahead). Measuring revisions in expectations immediately after the treatment
allows us to obtain the instantaneous effect of the treatment on firms’ beliefs. Note that priors are measured
as mean expected inflation implied by the reported distribution of future inflation while the posteriors are
measured as point predictions. Different formulations of the inflation questions are deliberately used pre-
and post-treatment to avoid antagonizing respondents by repeatedly asking them to answer identical

distributional questions multiple times.®> Any difference in responses induced by the formulation of the

7 For the control group we simply continue with the questions.

8 One of the only repeated questions is a first-order point prediction of inflation expectations in the first wave of the
survey. The format of this question follows the Michigan Survey of Consumers, which is closer to the post-treatment
point prediction for future inflation. We use this information to quantify measurement error in reported inflation
expectations. Because we did not elicit point predictions in the follow-up wave of the survey, we use the SCE format
for pre-treatment beliefs.
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questions will be captured in the control group’s responses and so will not affect the results of the
information treatment. In the follow-up wave (three months after the initial wave), we asked firms to report
distributions of their beliefs about future inflation. Using responses from the follow-up survey, we construct
another measure of posteriors as the mean expected inflation implied by the reported distribution. This set
of posteriors provides a sense of the persistence of the treatment effects of information on expectations.

To assess the influence of various information treatments on managers’ beliefs, we use the
following econometric specification:

Posterior; = constant + b X Prior; + error; D
where slope b captures the strength of manager i’s prior relative to the treatment, and the value associated
with the treatment is absorbed into the constant term (since it is common across firms within that group).
More informative priors should be associated with high values of b. If the estimated slope b is equal to
zero, the treatment is interpreted as a completely informative signal which causes managers to discard their
priors in favor of the signal. IfF0 < b < 1, the treatment is interpreted as a partially informative signal and
managers will update their posterior somewhat but will still rely partially on the prior. If b is approximately
one, managers see the information provided as uninformative and do not update their prior beliefs at all.
Because we use point predictions for posteriors and implied means for priors, the estimated slope may be
biased up or down depending on how managers respond to probability distribution questions vs. point
forecasts (see e.g. Kleinjans and van Soest 2010, Fischhoff and Bruine de Bruin 1999, Bruine de Bruin et
al. 2000), but this will be observable in the estimated b for the control group. Because we are interested in
how managers respond not only to new information but also to different kinds of information, we estimate
specification (1) for each treatment separately.

Table III reports the estimated coefficients on the prior expectation for both own inflation
expectations and higher-order inflation expectations in specification (1). We find that when no information
is provided, the point estimate of the slope is approximately 0.7 (row 1). This estimate does not mean that

firms revise their beliefs in the absence of information treatments by large amounts. Instead, this estimate
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likely highlights differences between expectations elicited as point predictions and expectations elicited as
probability distributions. Indeed, when we use point predictions for future inflation that were elicited before
the informational treatment was provided, we find that the slope is close to one for the control group

(Appendix Table 5).

With this benchmark in mind, we turn to Treatment B (provide firms with E[r], row 2 in Table
IIT). When we elicit expectations immediately after the treatment, firms assign 0.50 weight on the prior
when they update their first-order inflation expectations (column 1) and 0.43 weight when they update their
higher-order inflation expectations (column 2).” These weights are statistically different from the weight
assigned by the control group. If we normalize these weights by the weights in the control group, the
adjusted weights are approximately 0.7 and 0.6 for first-order and higher-order beliefs respectively. Thus,
Treatment B has useful information content that leads firms to revise their beliefs. This finding that firms
place some weight on the forecasts of other firms in revising their first-order beliefs is consistent with the
experimental evidence in CGK, but the finding that they revise their higher-order beliefs in a comparable
manner is completely novel to the literature, to the best of our knowledge.

Another novel dimension of the experiment is that firms in treatment group C received information
about the average higher-order belief of other firms (row 3 in Table III). This previously unexplored
information treatment leads to the striking result that the estimated weights on priors are considerably
smaller than those from the information treatment using first-order beliefs: 0.09 and 0.12 for first- and
higher-order beliefs. These estimates suggest that managers perceive the information about firms’ higher-
order expectations as a very informative signal that leads them to place little weight on their prior beliefs,
when they update both their first-order and higher-order beliefs. The weights on the prior are similar in
Treatment D (provide firms with both first- and higher-order information, row 4 in Table III). We interpret
this result as indicating that information in the average first-order inflation forecast has relatively little

incremental content relative to information in the average higher-order inflation forecast.

% Appendix Figures 1 through 4 shows scatter plots of posteriors against priors.
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For firms receiving information about the past realization of inflation (Treatment E, row 5 in Table
III), the weight on the prior is 0.059 for first-order expectations and 0.062 for higher-order expectations.
The former confirms an earlier result in CGK and is consistent with other evidence for firms in Italy
(Coibion, Gorodnichenko and Ropele, 2020) as well as households in the U.S. (Armantier et al. 2015,
Coibion, Gorodnichenko and Weber 2019) and the Netherlands (Coibion, Geogarakos, Gorodnichenko and
van Rooij 2019). While the high weight assigned to information about recent inflation in revising first-order
beliefs is therefore well-documented, the fact that higher-order beliefs respond in an equivalent manner is
completely new to the literature. Strikingly, firms seem to view information about other firms’ higher-order
beliefs as being almost as informative as information about recent inflation.

Conducting the same analysis using the posterior belief reported in the follow-up wave (three
months after the treatment) produces similar results (see columns (4) and (5) of Table III). We see mean
reversion in the reported responses of the control group. Treatments C, D and E result in low weights on
priors while Treatment B yields weights approximately half-way between the control group and the other
treatment groups. These results indicate that the effect of information is persistent after three months and

that the size of treatment effects continue to depend on the type of signal that the firm received.'®!!

ILE. Summary
Using a novel survey of firm managers in New Zealand, we document six new empirical facts (summarized
in Table IV) relating first-order and higher-order inflation expectations of business managers and CEOs.

To the best of our knowledge, these represent the first empirical characterization of higher-order beliefs of

10 CGK and Cavallo et al. (2017) find that the difference in beliefs for treatment and control groups largely disappears
six months after the treatment. We reconcile these results by using the findings in Coibion, Gorodnichenko and Ropele
(2020) who study a long panel of firms to document that informational treatments have significant effects on
expectations after three months but vanish after six months. In a similar spirit, Coibion, Gorodnichenko and Weber
(2019) find that information treatment effects are detectable 3 months after the treatment but not discernable after 6
months.

"While the response of actions to information treatments is not the main focus of this paper (we are interested in how
beliefs are formed), we document in Appendix G that managers act on the beliefs revised in response to the information
treatments. Thus, changes in beliefs are translated into changes in actions.
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firms from a survey. These facts can potentially speak not just to the way in which agents form their beliefs
about the aggregate economy, but also to the role played by higher-order beliefs in this process. In the next
section, we consider to what extent these facts are consistent with simple noisy-information models in
which higher-order beliefs can play an important role as well as how these stylized facts can potentially be

used to shed new light on underlying parameters of these models.

IlI.  Interpreting Survey Results through a Noisy-Information Model

Our results demonstrate that not only can one measure the higher-order expectations of economic agents
but also that these expectations can play an important role in shaping beliefs. This is illustrated for example
by the large revisions in firms’ first-order inflation expectations when presented with information about
other firms’ higher-order expectations. How should we think about these results on the higher-order beliefs
of firms? Are they consistent with what theory would predict? In general, strategic complementarities in
pricing behavior require that firms think not only of their own expectations of a fundamental, but also of
other firms’ expectations and actions. Firm A must think about the fundamental and what Firm B thinks of
the fundamental. Firm B then anticipates the fundamental, what firm A thinks of the fundamental, and what
Firm A thinks that Firm B thinks. Firm A’s expectations must respond accordingly, etc. As firms anticipate
each other’s actions, they must form higher-order beliefs that involve iterating a problem to progressively
higher levels of reasoning. In this section, we use the static model of Morris and Shin (2002)—which is a
workhorse model in this literature—to demonstrate how the expectations and higher-order expectations of
the firms in our survey compare to the predictions of a model of strategic complementarities where firms

perform infinite regress in their expectations.

ITI.A. Simple Model of Expectations Formation and Price-Setting
Firm i € [0,1] chooses to set its optimal price, p;, as a linear combination of its expectation of a
fundamental, m, and its expectation of the aggregate price level in the economy, p:

pi = (1 — a)E;[m] + aE;[p], (2)
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where parameter @ € (0,1) describes the degree of complementarity in pricing. Because p = || 01 p;dj,

manager i can iterate the optimal price equation forward by substituting the average optimal price equation

for the aggregate price level to obtain:
pi = (1 — @)E;[m] + aE;[[ p;dj] (2%

Define the average expectation in the economy for variable m as E[m] = [ fol E; (m)dj] and let
E; [E[m]] be the expectation of manager i about the average expectation in the economy. In a similar spirit,

E;[p] is the first-order (“own”) expectation about the price level, E; [E[ﬁ]] is a higher-order expectation

about the price level in the sense that this is an expectation of manager i about what other managers think

about the price level. We can iterate these expectations to the k™ higher order recursively: Ek [X] =
[0 5 (B 1) ],

Using the definition of the price level and repeated substitutions in equation (2’), we find that the
aggregate price level becomes an average of progressively higher-order expectations of the fundamental,
weighted by the complementarities present at each step:

p=0-a)E[m]+a(l- a)Fz [m] + a?(1 - oc)E3 [m] + - . 3)

It follows that the optimal choice of p; depends on the manager’s expectation of each event in equation (3).
— —2
pi = (1 — a)E;[m] + a(1 — )E; [E[m]] + a?(1 — a)E; [E [m]] + - 4)

This captures the notion that optimal decisions of a firm depend not just on their expectations of the
fundamental but also what they think other firms think about the fundamental, etc.

To characterize how firms form their expectations about the fundamental as well as how they form
their higher-order expectations, we assume that they operate under imperfect information. Rather than
observing m perfectly, they each receive one noisy public signal and one private signal. Each signal reflects
the true value of m combined with some noise. Specifically, the public signal about the fundamental takes

the following form: y = m + & where € ~ N (0, Ky 1) and is common across all firms. In addition, each
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firm i also receives its own private signal about m: x; = m + v; with v; ~ N(0,k;1) where & and v; are
uncorrelated and v; is i.1.d. across managers. k, and k,, capture the precision of each type of signal. Firms

weigh their signals according to the relative noise in each to obtain an individual expectation of m:

Eifm] = 2y +2x; = (1 - 8)y + 6x;, (5)

K

. K .
where k = Kk, + k,, and, for ease of notation, we denote ';—x and Ty as § and 1 — §, respectively, for the

remainder of the paper. As the private signal becomes more precise relative to the public signal, the firm
places relatively more weight on it in forming beliefs about the fundamental. Aggregating equation (5)
across managers gives the average expectation about the fundamental in the economy:
E[m]=(1-38)y+dén. (6)
Manager i’s expectation about the average expectation of other managers in the economy is
E; [E [m]] = (1 - &)y + 6E,[m] = (1 - %)y + 82x; 7
One can obtain progressively higher-order expectations of m by continuing to substitute E;[m] for m to find:

1

E; [Ek [m]] =(1-61)y+ 6K 1E; [Ek_ [m]] =(1-8%y + 8%x;. (8)

Equation (8) shows that higher-orders of reasoning will depend progressively more on the public signal as
that signal is common across firms.
Using the firm’s optimal price-setting in equation (4), we can substitute for manager i’s

expectations of m at various orders to obtain the optimal price as a function of received signals:
pi = (1— @) Eio @k [[1— K41y + sk+1x, . ©
It follows that every agent sets the optimal price at:

Di = dyy + Puxy, (10)

1-8 (1-a)é

where ¢, = ey and = e

The realization of the aggregate price is the integral of

equation (10) across the support of all managers:

D = [, pjdi = dyy + pum. (11)
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Using these results, we can derive the first-order expectation of manager i about the price level:

Ei[p] = ¢yy + ¢ (1 = &)y + 6x;) = (1 = $6)y + ¢ 6x;. (12)
Aggregating across agents gives the average first-order expectation about the price level:

E[p] = ¢yy + ¢x((1 = &)y + 5m) = (1 — $28)y + ¢ Sm. (13)
The individual expectation of the left-hand side in equation (13) characterizes an individual manager’s

higher-order expectation:
E; [EID]| = dyy + ¢x[(1 — 62y + 6%x,] = (1 — $,52)y + ¢,.8%x:. (14)

Aggregating equation (14) gives the mean of the higher-order expectation:

E [Pl = dyy + bl (1= 89)y + 82m] = (1 = $82)y + §,6%m. (15)
These derivations demonstrate that firms in the noisy-information model have two sources of uncertainty:
noise in the public signal and noise in the private signal. When firms make inferences about the fundamental
m or when we consider unconditional distributions of p, both sources of uncertainty appear. However, for
a given period, firms observe y and thus know this portion of other firms’ information sets. Indeed, equation
(11) demonstrates that the price level is a function of public signal y (observed) and fundamental m
(unobserved). Because for firm i the expected value of m is a linear combination of y and private signal x;,
the only source of uncertainty about p is the realized private signals of other firms. As a result, uncertainty
about p is described by distributions conditional on y. Specifically, one can show that the distributions of

these conditional expectations are:

EPIIy~N([¢y + bx(1 = )]y + brSm, ($26)215"), (162)
EBlly~N([¢y + ¢x(1 = 8)]y + $y8m, 0), (16b)
E; [ER]| ly~N([¢y + ¢:(1 = 62)]y + p267m, ($,:62) %15 ), (16¢)
E [plly~N([y + bx(1 = 82)]y + $,8?m, 0). (16d)

Jointly, these equations allow us to compare this basic noisy-information model to the first five empirical

moments identified in section II. Specifically, equations (12) and (14) characterize the first and higher-
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order expectations of firm i respectively, while the average first-order and higher-order expectations of
prices are in equations (13) and (15) respectively. Uncertainty in first-order and higher-order expectations

come from (16a) and (16¢), as do the levels of cross-sectional dispersion in each.

III.B. Comparing Predictions of the Model to Moments in the Data
We now compare the empirical facts about higher-order expectations from the survey to predictions of the

model.

Fact 1: The mean higher-order expectation is almost identical to the mean first-order expectation.

The model predicts that the mean of the distribution of firms’ own expectations of the aggregate price level
(E;[p]) can be similar to that of the firms’ higher-order expectation of the aggregate price level (E ; [E[ﬁ]]),
that is, their expectation of other managers’ expectations. Specifically, the difference between E;[p] and

E; [E[ﬁ]] depends on how far y is from m:

(EB1-E [71) Iy = ¢ (1 — 6)8[m — 1. (17)
Similar average first-order and higher-order expectations will therefore arise whenever the public signal is
close to the fundamental. Hence, the basic noisy-information model can readily accommodate this first fact.
In addition, in the model, any difference between the mean first-order and higher-order expectations speaks

directly to the sign of [m — y]. As shown in Table II, among firms in New Zealand at the time of survey,

E[m]|y is 3.41 and E []|y is 3.50. The small negative difference between the two is consistent with y
being greater than m (that is, the public signal is more “inflationary” than the fundamental). Whether the
difference is large or small depends on the magnitudes of ¢, and &, but since ¢,, 6 € (0,1) we expect that
m—y < —0.09. As we show later, § = 0.8 and ¢, = 0.55 so that m — y = —1. Incidentally, the survey

responses were collected at a time when oil prices were rising, possibly sending an “inflationary” public
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signal to firms in New Zealand.'?

Fact 2: First-order and higher-order expectations are positively but imperfectly correlated across firms.

Because the private signal Xx; is the only source of cross-sectional variation in expectations, our model
predicts a perfect correlation between higher- and lower-order expectations. To see this, note that equations
(12) and (14) can be combined to express higher-order beliefs of firm i solely in terms of that firm’s first-

order belief and the public signal:

E; [El] = (1 - &)y + 8E;[p]
As a result, the basic model cannot explain the imperfect correlation between first-order and higher-order
beliefs across firms. In principle, measurement error in survey responses could be one natural reason for an
imperfect correlation, and we explore this explanation in detail in section IV.A as well as other potential
sources for the imperfect correlation.

Despite this inconsistency, the positive average relationship between firms’ first-order and higher-order
beliefs can still be related to the model. For example, Figure III documented that the slope of the relationship
between the two in the survey is approximately 0.6. That would imply a value of § = 0.6, so that the precision
of the private signal should be 50% greater than that of the public signal. However, to the extent that there might
be measurement error in the survey responses, this would imply that the empirical regression in Figure III
understates the true slope of the relationship between first-order and higher-order beliefs and therefore 0.6 is a
lower bound for the value of § in the theory. We return to this point in more detail in section IV.A.

The joint distribution of first- and higher-order beliefs can also inform us about the level of the public

signal y and the fundamental m. Note that when E; [p] = E; [F [1_9]] , equations (12) and (14) imply that E; [p] =

E; [E[ﬁ]] = x; = y. Our regression estimates suggest that this point (that is, when the fitted regression line

12 Coibion and Gorodnichenko (2015) and Coibion et al. (2020) document that households’ inflation expectations are
sensitive to the price of oil, gasoline, and similar goods. Kumar et al. (2015) and CGK present suggestive evidence of
high sensitivity of managers’ inflation expectations to changes in oil prices and other energy products frequently
purchased by consumers.
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crosses the 45-degree line in Figure III) occurs at E;[p] = E; [E[fa]] = 3.6 and therefore y = 3.6%. Since, as

shown earlier, m — y = —1, we can infer m = 2.6. In other words, the underlying fundamental inflation in
New Zealand should have been approximately 2.6 percent during this period but firms systematically believe
inflation is higher because of an inflationary public signal. Strikingly, the implied fundamental is close to actual

inflation: CPI and PPI inflation rates in 2018Q1 were 2.2 and 2.7 percent respectively.

Fact 3: The cross-sectional dispersion in first-order expectations is greater than the dispersion in higher-
order expectations.
Private signals are the reason why agents disagree about macroeconomic variables in the noisy-information

model. Equations (16a) and (16c) predict that the cross-sectional variance of higher-order expectations is

given by Var (E i [F[f?]] |y ) = (¢,6%)%k; ! while the cross-sectional variance in first-order expectations

is given by Var (E;[p]|y) = (¢,6)?kz 1. The ratio of cross-sectional variances for E; [E[ﬁ]] |y and E;[p]|y

is therefore given by

Var(Ei[f[E]]w) e
var(Eiplly) 6% <1. (18)

This implies that the basic noisy-information model correctly predicts that the cross-sectional variance of
higher-order beliefs is smaller than that of first-order beliefs. This is because higher-order beliefs place more
weight on the public signal than first-order beliefs and are therefore more tightly concentrated.

Furthermore, the basic noisy-information model relates the relative levels of these variances to §, as
was the case with fact 2. In this case, the ratio of the two dispersion measures in the survey implies § = 0.80
(bootstrap s.e. 0.02), that is, the precision of the private signal is about four times larger than the precision
of the public signal. Note that both facts 2 and 3 pin down the same parameter § with two different moments,
so we can think of this as an over-identification test for the model. To the extent that we need two different
values of § to match both facts, one could interpret this as a rejection of the model. But as explained
previously, we view the implied § needed to match fact 2 as a lower bound, so there need not necessarily be

an inconsistency in the required parameter values.
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Because Var(E;[p]|y) = (¢,6)%k5 1, we can go even further and use the amount of disagreement
in the data to precisely identify the levels of precision in each signal (k, and k) if we know both & and ¢,.

6 is pinned down by the relative cross-sectional variances. The other parameter is given by ¢, =

(1-a)é
(1-a)6+(1-6)

so we can assign a value to ¢, if we have an estimate of strategic complementarity . While
we cannot obtain a directly from moments of inflation expectations, we can recover this parameter from a
series of hypothetical questions that were also included in the survey:
For the next three questions, suppose that neither you nor your competitors face any costs in
changing your prices. Also suppose that you get news that the general level of prices went up
by 10% in the economy:
a. By what percentage do you think your competitors would raise their prices on average?
b. By what percentage would your firm raise its price on average?

¢. By what percentage would your firm raise its price if your competitors did not change their

price at all in response to this news?

As explained in Afrouzi (2018), these hypothetical questions capture the components of the
individual firm’s price setting equation: p; = (1 — @)E;[m] + aE;[p]. Parta. of the question captures the
response of firm i’s price to a change in E;[p], or the expected price increase of competitors. Partb. captures
the whole right-hand side of the equation, and part ¢. measures (1 — @)E;[m], or the amount that firms
would adjust prices if unconstrained by competitors’ response. Given these component pieces, it follows
that « is the slope in the regression of {the answer in “b” minus the answer in “c”} on {the answer in “a”}.
When we implement this regression in our sample, we find & = 0.7 (s.e. 0.02). It follows that ¢, = 0.55
(bootstrap s.e. 0.06) given § = 0.8, that is, firms put 55% weight on their private signals and 45% on the
public signal when setting prices.

With this value of ¢,, we can then further identify the precision of both private and public signals.

Because in the data disagreement is Var(E;[p]]y) = (¢,6)%k;* = 3.062, it follows that x, =~ 0.02
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(bootstrap s.e. 0.003). Using § =

~ +"K , we find that k,, = 0.005 (bootstrap s.e. 0.001). These estimates
xTKy

suggest that both signals could be rather imprecise. However, this imprecision agrees with the notion that

firms should pay little attention to inflation if inflation is stable and low (e.g., Sims 2003, Mackowiak and

Wiederholt 2009), which is the case in New Zealand, an early adopter of inflation targeting. Hence, not

only can the model correctly replicate the empirical fact that disagreement across firms is lower for higher-

order than first-order expectations, these moments can help identify all of the relevant structural parameters

in the model, when combined with an independent estimate of strategic complementarity.

Fact 4: The average uncertainty in first-order expectations is greater than the uncertainty in higher-order
expectations.

The average uncertainty in firms’ first-order and higher-order expectations are given in equations (16a) and
(16¢), such that Q{Ei[E[ﬁ]]W} = (¢p62)%k; ! (where Q{Ei[f[ﬁ]]IY} is the conditional variance of firm i’s
forecast about other firms’ expectations) and Qg 7y} = (,8)%Kk; ! (where Qg,[H))yy 18 the conditional
variance of firm i’s first-order expectation). As with disagreement, the ratio of uncertainty in higher-order
expectations to uncertainty in first-order expectations also pins down § since

Q{Ei[ﬁ[ﬁ]]ly}/Q{Eiﬁ]ly} =682 <1.

Thus, the basic noisy-information model correctly predicts that average uncertainty about higher-order
expectations should be lower than the corresponding uncertainty in first-order expectations. This is because
higher-order beliefs place relatively more weight on public signals, which are known with certainty by
firms, than private signals, which are unobserved by other firms, relative to first-order expectations.

In addition, data on the relative amount of uncertainty in first-order and higher-expectations again
identifies §. Strikingly, column (4) of Table II implies that the ratio of standard deviations implied by the
reported distributions for own expectations of inflation (=1.11) and for expectations about other managers
(=0.89) is 0.81 (bootstrap s.e. 0.03), the same value as found using data on disagreement. Hence, using

either moments of uncertainty or moments of disagreement leads to the same value of §. This can therefore
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be interpreted as an over-identification restriction implied by the theory which is consistent with the data.

Fact 5: The cross-sectional variance in first-order (higher-order) inflation expectations is greater than the
average uncertainty in first-order (higher-order) expectations.
Equations (16a) and (16¢) imply that the level of disagreement in either first-order or higher-order

expectations should be identical to the average uncertainty in either first-order or higher-order expectations.

In other words, Var (Ei [E[ﬁ]] ly ) = Q{Ei[E[z_:]]ly

) and Qg 51153 = Var (E;[p]|y) because both uncertainty
and disagreement are determined by the variance of the noise in the private signals. As documented in Table
IT however, uncertainty is about a third of disagreement in the survey of firms in New Zealand, both for

first-order expectations as well as higher-order expectations. Hence this restriction implied by the basic

noisy-information model is clearly at odds with the data.

Fact 6: The response of both first-order and higher-order inflation expectations is greater to an information
treatment about the higher-order beliefs of other firms than it is to a treatment about the first-order beliefs
of other firms.

In the basic noisy-information model, the average first-order and higher-order price expectations are both
linear combinations of the public signal y and the fundamental m. Telling a firm in the model what either
average expectation is would therefore allow them to fully infer the fundamental (since they already know
the public signal), and all firms provided with this information would therefore form the exact same beliefs.
In the survey, providing firms with information treatments about either average first-order or higher-order
inflation expectations does not lead to a full convergence of beliefs after the provision of these information
treatments. To avoid this extreme prediction from the model, we assume that firms interpret the treatment
information as noisy signals (e.g., because we give moments from the survey that have sampling errors).

Specifically, when thinking about the information treatment involving the average inflation

expectation of other firms, we interpret this as providing a signal for E[p] given by
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sp = E[p] + &5, (19)
where £5~N (0, x51) and & is uncorrelated with noise & and v;."> Note that because E[p] = (1 — ¢,8)y +
¢, 0m and firms observe y directly, signal sp has the same content as signal §g = ¢,,0m + &g = Hgm +
&g with Hg = ¢,.8. Using Bayes rule, we can derive beliefs about m after observing g

E;(m|3p, x;, ) = E;(m|x;,y) + Pg(3p — p0E;(m|x;,y)), (20)
where Py = 8k ™1, 8(kgt + (¢p,6)?8k 1)1 is the gain of the Kalman filter and k is the precision of the

prior E;(m|x;, y). We can re-write this equation as:

post _ . pre ~ kgt pre ~
Ei (m) - (1 PBHB)El (m)+PBsB - K51+(¢x6)26K—1Ei (m) +PBSB9 (21)

where Elp OSt(m) denotes expectations after receiving the additional information while E L-p "(m) denotes
expectations before receiving additional information. Importantly, the coefficient on the prior belief
Elp "¢ (m) can identify K, the perceived precision of the signal §p.

We can generalize the form of this signal across treatment types to:

EPost[m] = (1 — PH)EF"¢[m] + P§ (22)
which one can estimate by regressing post-treatment expectations on pre-treatment expectations and a
constant. A low coefficient on pre-treatment (prior) expectations indicates that managers strongly respond
to a signal (i.e., a high weight on § and a low weight on the prior). The response of firm i’s expectations of

p and E[p] to information is given by

Post P _ ¢y _ Pre ) oy ~
; [F[ro]]‘P oy + a1 |+ @ = PiDE [E[m]+[5¢x]13s. (23)

Note that weight on the prior (1 — PH) is the same for first- and higher-order expectations about the price
level. Equation (23) implies that, for a given signal, agents should place the same weight on their prior
beliefs when updating both their first-order and higher-order beliefs about inflation. This is remarkably

consistent with what we observe in Table II, where we cannot reject the null of equality for responses of

13 Although sg does not have index i (we drop it to simplify notation), we interpret sg as a private signal because we
do not tell a firm receiving this signal that other firms receive this signal too.
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first-order and higher-order beliefs to each type of information treatment. So, the model is consistent with
the fact that first-order and higher-order beliefs respond similarly to information treatments.

Turning to the treatment about the higher-order expectations of other firms, we interpret this as a
signal of the same form as equation (19) and given by:

Sc = ¢x8'm+éc =Hem +¢c (24)
with §c~N(0,kz1) and Hp = ¢,62 so that
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EP™(m) + P¢5¢ (25)

where P = 8k ™1, 6% (kzt + (¢,62)26k~1) ™1 is the gain from the Kalman filter. If signals about first-
order and higher-order expectations were perceived as equally precise (k7! = kz!) by firms, we would
have Py > P, that is, signal sp (treatment with the average first-order expectation) would receive a higher
weight than signal s (treatment with the average higher-order expectation) when firms update their beliefs.
Intuitively, because higher-order beliefs are more concentrated on the public signal, which is consistent
with fact 3, they are interpreted by firms as containing less information about the unobserved m and would
therefore get less attention from managers. This result implies that, under equally precise signals, we would
expect to observe a stronger response of both first-order and higher-order beliefs to information about the
average first-order belief than to information about the average higher-order belief. As shown in Table III,
we observe exactly the opposite in the survey of firms: their expectations respond more strongly to
treatments about higher-order expectations of other firms than they do to treatments of first-order
expectations of other firms. Note that facts 3 and 6 therefore deliver a contradiction that is hardwired into
the baseline model. They cannot hold simultaneously as the first requires higher-order beliefs to be less
dispersed while the second requires higher-order beliefs to be more dispersed. In the context of the basic
noisy-information model, the only way to match fact 6 simultaneously with fact 3 would be for managers
to interpret signals about higher-order beliefs as being far more precise than signals about first-order beliefs
(we would need k. = 10k to match the responses). Because there is a priori no reason to expect this to be

true, we interpret this empirical fact as being at odds with the basic noisy-information model.
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ITII.C. Summary
We use a basic model of noisy information with infinite regress of expectations to interpret the data on first-
and higher-order expectations from the survey. Despite its simplicity, this basic model is consistent with a
number of the empirical facts from the survey, as summarized in Table IV. For example, it can explain why
both disagreement and average uncertainty are lower for higher-order than first-order inflation expectations.
The simple model is consistent with, and provides an interpretation for, the fact that average first-order and
higher-order inflation expectations are so close in the data. And it can explain why, in the cross-section, a firm
with larger first-order expectations tends to have larger higher-order expectations. We also show that the
moments from the survey can be used to recover the realized shocks and the underlying parameters of the
model, a feature which can be useful to discipline these models in the future. Furthermore, the model makes
over-identifying restrictions on parameters in the sense that different moments can be used to identify the
same parameters. Strikingly, we find that these different moments are generally consistent with one another
in terms of the parameter values they imply. The model can also rationalize the fact that agents update both
their first-order and higher-order expectations by similar amounts in response to an information treatment.
However, we also document several limitations of the canonical noisy-information model with
infinite regress in terms of its ability to rationalize the data. First, while first- and higher-order expectations
are highly correlated across firms in the data, there is significant heterogeneity that the canonical model cannot
easily explain. Second, the model predicts that the level of uncertainty and cross-sectional dispersion of
expectations should be the same, a feature we can strongly reject in the data. Third, if we view the information
treatments as being noisy signals, it is difficult to rationalize the difference in response across types of
treatments. This interpretation of the data would require firms to believe that the signal about the higher-order
expectations of other firms be much more precise than the signal about the first-order expectations of other
firms. As a result of these contradictions between data and theory, we consider whether variants on the basic

noisy-information model can better come to grips with the empirical facts on the higher-order beliefs of firms.
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1V. Extensions

There are a number of ways that one can deviate from the basic noisy-information model to potentially
address the differences between our empirical results and the basic model with infinite regress. The first
approach we consider simply incorporates measurement error in survey responses. A second is to augment
the signal space with a semi-public signal. Both can help generate additional idiosyncratic variation in
expectations and weaken the predicted link between first-order and higher-order expectations. Another
approach is to allow for heterogeneity in “long-run” priors, which would generate additional variation in
the beliefs of agents even before they receive their idiosyncratic signals. A fourth approach is to relax the
assumption that agents utilize the signals in the optimal way, allowing instead for overreaction to some
signals. The final strategy we consider introduces behavioral/cognitive constraints that prevent agents from
engaging in the infinite regress used in our stylized model. In this section, we characterize the extent to

which each of these alternatives helps reconcile theory and empirics.

IV.A. Measurement Error in Survey Responses

Perhaps the simplest way to potentially explain some of the departures of the basic model from the data is
to allow for reporting/measurement error. Specifically, we assume that instead of reporting their true
expectations, firms report this expectation plus an independent noise term of the form v, ~ N (0, kz2) for
first-order expectations and vy, ~ N (0, ky3) for higher-order expectations. Since these errors are mean
zero, they do not change the ability of the model to explain the first stylized fact, namely the near equality
of average first- and higher-order expectations. The introduction of uncorrelated error terms to both first-
and higher-order expectations can immediately help reconcile our model with the second stylized fact,
namely the finding that the cross-sectional correlation between first- and higher-order expectations is less
than one in the data. As long as the variance of the noise in first- and higher-order reported forecasts is
sufficiently similar (kg0 = Kgg), then fact 3 will still hold as the cross-sectional variance of higher-order

forecasts will still be given by a fraction of the cross-sectional variance of first-order forecasts. Fact 4 also
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continues to hold, assuming that measurement error affects only reported mean forecasts and not the
distributions around the forecasts, so that reported uncertainty in both first- and higher-order forecasts is
unchanged. Under this condition, the noisy-information model with measurement error can also explain
fact 5, since the cross-sectional variance of forecasts will be greater than the average uncertainty in both
first- and higher-order forecasts:

Var(E;[plly) = ($x6)*rx" + kg > ($x8)°Kx" = Qa1

Var(E[ED]]ly) = (6282 %kx" + kg > (9x62) %k = Qe By

Introducing measurement error can therefore help the model match the first five empirical facts
qualitatively. However, measurement error cannot help match the effect of information treatments, unless
one were prepared to assume that measurement error was perceived as significantly lower for higher-order
beliefs than first-order beliefs. In addition, it is difficult for measurement error to quantitatively explain the
differences between the basic noisy-information model and empirical facts 2 and 5.

To see this, note that we have repeated, within-survey measurements of first-order beliefs (point
predictions) in the first wave of the survey and we can use these repeated measurements to assess the
quantitative importance of measurement errors (that is, a respondent reports his/her belief plus a reporting
error). We find that the correlation between pre-treatment point predictions and post-treatment point
predictions (within the control group) is 0.98, so the implied amount of measurement error is quite small
(kps =~ 0.02 X (¢,6)%k;1). In contrast, the amount of measurement error needed to explain the data is
quite large. For example, to explain the difference between average uncertainty in first-order expectations
and the cross-dispersion in those expectations, one would need kzd ~ 6.5 X (¢,8)?kz! so that

var(E; 7o . . . .
w = (4)';# ~ 7.5 as in the data."* In short, while allowing for measurement error in the
{E;[Plly} x x

4 We could also consider the amount of measurement error needed to reconcile the model with an estimated slope of
0.6 in Figure III, assuming the true § = 0.8, as needed to match fact 4. In this case, measurement error in first-order
expectations would need to be kz5 = 0.25 X (¢,8)*k;*, again much larger than what we estimate from revisions in
first-order point forecasts.
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survey data is qualitatively helpful along some (but not all) dimensions as summarized in Table IV, it is

quantitatively insufficient to account for departures between the model and the data.

IV.B. Semi-Public Signals
Another way to break the perfect correlation between firms’ first- and higher-order expectations is to allow
for multiple sources of idiosyncratic variation in managers’ expectations rather than a single idiosyncratic
noise term in the firm’s private signal. For example, we consider the case where firms receive semi-public
signals (rather than the fully public signal in section III) in addition to their private signals. The semi-public
signal case looks very similar to the basic model presented in section III with the twist that the public signal
is no longer perfectly observed, but includes a manager-specific error term: '3

Xp=m+v;, (26)

Yi=y+tvi,=m+etv, 27
where v;; ~ N(0,k51), e ~ N(0,k5"), and v;, ~ N(0, k7).

In this setting, because first- and higher-order expectations are formed as different mixtures of signals
x; and y;, the implied correlation between E;[p] and E; [E’ [ﬁ]] becomes less than one, as we see in the data
(fact 2). While the inclusion of a semi-public signal therefore helps explain the observed imperfect correlation
between the two expectations in the data, it does less well in reconciling the remaining discrepancies between
the data and the basic model (see Appendix C for derivations). For example, introducing a semi-public signal
does not explain the difference between cross-sectional disagreement and uncertainty in the model; in this
modification, uncertainty should be Zigher than disagreement because now managers are uncertain not only
about the fundamental m but also the common component y in the semi-public signal y;. As a result, the

model continues to be strongly at odds with fact 5. Furthermore, the presence of a semi-public signal rather

15 With minor modifications, the model with a semi-public signal may be interpreted as allowing for different public
signals across industries. Specifically, rather than assigning each manager a public signal with idiosyncratic noise,
we partition the semi-public signal into industry-specific public signals. In this case, each firm in industry j receives
yi ~ N,k 1). This structure allows managers to consider only the public information of their direct competitors
and to form higher-order expectations in a manner consistent with this motivation.
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than a public signal also cannot explain why information treatments involving higher-order beliefs of other
firms lead to larger revisions in forecasts than treatments involving first-order beliefs. With a semi-public
signal, agents continue to place relatively more weight on the latter signal than on private signals when
forming higher-order beliefs, and because they know all other agents do the same and do so based on a
correlated signal, uncertainty about the higher-order beliefs of other firms is lower than uncertainty about the
first-order beliefs of other firms. Receiving a signal about first-order beliefs of other firms should therefore
(assuming equally precise treatment signals) lead to a stronger response in beliefs than receiving an equivalent
signal about the higher-order beliefs of other firms. Therefore, this extension of the basic model cannot explain
why managers respond more to the higher-order signal than to the first-order signal. In short, as summarized

in Table IV, the semi-public signal fares even worse than measurement error in reconciling theory and data.

IV.C. Heterogeneity in Long-Run Priors
An alternative extension to the basic noisy-information model of section III is to introduce heterogeneity in
prior beliefs. Specifically, we follow Patton and Timmermann (2010), who propose a modification to the basic
noisy-signal model to rationalize large disagreement in short-horizon forecasts. They posit that forecasters
shrink their optimal inflation forecast (that is, the forecast based on information in objective signals) toward
their prior beliefs about long-run inflation. In other words, forecasters “anchor” their reported predictions to
their long-run forecasts, or “long-run” priors. As we show below, this modification helps us address several
issues in the basic noisy-information model. To keep the exposition concise, we focus only on key results here
and present detailed derivations in Appendix D.

The signal structure about m is unchanged and managers still set prices as in equation (2) but, as in
Patton and Timmermann (2010), their reported expectation of the aggregate price level (which they use to set
prices) is now skewed by the manager’s “long-run” prior y;:

Ef[p] = op; + (1 — 0)E;[[ pjdj] = wp; + (1 — 0){(1 — ) E|E[m]] + aE;[E[p]]}  (28)

where E;[p] denotes the skewed first-order expectation of p (E;[p] continues to denote the correct
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var(Ei[[ pjdj])
y2+var(Ei[f pjdj])

mathematical expectation of p), y; ~ N (;I, Ky 1) and w = y%2 >0 is a parameter

measuring the extent to which the managers prefer their own priors. k; 1 and ji measure the dispersion and
average level of the “long-run” priors. We assume that only first-order expectations of managers are skewed
directly. We further allow the average prior & to be unobserved so that the dispersion of y; extends into
higher-order expectations. An individual firm now sets its price as a function of its “long-run” prior, a sum

of progressively higher-order expectations of the aggregate prior, i, and a sum of progressively higher-
order expectations of m. We impose further structure on E; [E k [/I]], the k™-order expectation of the average

prior by assuming that managers do not know i, but each observes a private signal of the mean ¢; ~

N, ke 1). We further allow the manager’s own “long-run” prior to skew their view of the aggregate “long-

-1
K¢

2 -1
V4 +K.'q

run” prior: E;[i] = w'yu; + (1 — w')g; where w' = 16 The uncertainty about the aggregate prior,

1 is necessary to bring priors and the dispersion they provide into higher-order expectations. If i were

Ko
known with certainty, w’ = 0 and ¢; = g V i. This would mean that disagreement and uncertainty about

higher-order expectations would be equal, which is rejected in the data (fact 5). Apart from extending the

effect of “long-run” priors into higher-order expectations, this modelling approach features E[ji] = [ so
that E; [Ek [,LI]] is the same V k.

With heterogeneous priors, there are now two sources of variation between first- and higher-order
beliefs: information in the private signal as well as the difference between the agent’s prior belief and the prior
belief they assign to others. Since the two sources are uncorrelated by assumption and the weights on signals are
different for first- and higher-order expectations, heterogeneity in “long-run” priors generates an imperfect
correlation in the cross-section between the first-order and second-order beliefs of agents and the slope in the
regression of higher-order expectations on first-order expectations is less than 1, as observed in the data (fact 2).

However, the difference between the average first-order expectations and average higher-order expectations

16 Setting w’ = 1 nests the case in which managers assume that all other managers share their own prior.
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remains determined as in the basic model, so fact 1 can still be satisfied.

In addition, we can show that if k;, 1>0 and K¢ 1> 0 (i.e., “long-run” priors are heterogeneous with
an uncertain mean level), then average uncertainty in both first- and higher-order expectations must be lower
than the cross-sectional disagreement in first- and higher-order expectations respectively. For example,
uncertainty (g, [5]|y}) and disagreement (Var [E ; [ﬁ]]) in first-order beliefs are related as follows:

Var[Ei[p]] = Qe + (@ + (1 — w)0w') 2Kt
Hence, fact 5 is satisfied (unlike in the basic noisy-information model) because the dispersion in “long-run”
priors provides another source of cross-sectional variation in expectations that is not reflected in uncertainty
around forecasts since managers take their “long-run” priors as given.

In contrast to the basic noisy-information model which unambiguously predicts that Qg (57 >

Q{E-[E[ﬁ]hy} and Var|E;[p]] > Var [Ei [E [ﬁ]]], the ranking of first- and higher-order uncertainty and

disagreement in the noisy-information model with “long-run” priors depends on parameter values. As we show

in Appendix D, if ;! and Ky 1 are large relative to K¢ 1 and, the model with “long-run” priors can reproduce
Y, ipllyy > Q{Ei[EW]]D’} and Var|E;[p]] > Var [E i[E [ﬁ]]] and thus match facts 3 and 4. When k! is high,

there is a lot of dispersion in private signals. Moving from first-order to higher-order beliefs, managers place
less weight on their own priors and on their private signals, as in the basic noisy information model, which
tends to reduce dispersion and uncertainty in higher-order beliefs relative to first-order beliefs. A high x,; 1
indicates a lot of heterogeneity in long-run priors about average prices. Since managers understand that they
have a biased first-order belief and that other managers report biased first-order beliefs too, when thinking
about what other managers believe, each manager tries to remove their own bias (i.e., their “long-run” prior)
from the reported value. This tends to reduce dispersion in higher-order beliefs relative to first-order beliefs.
When k¢ 1 is high on the other hand, there is a lot of dispersion in beliefs about other managers’ priors. This
therefore tends to increase both uncertainty and dispersion in higher-order forecasts relative to first-order

forecasts. Reproducing facts 3 and 4 therefore requires that this last force be weaker than the prior two.
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To understand how the model with long-run priors can potentially match fact 6 as well, one should
recall why the basic noisy-information model could not simultaneously match the strong estimated response
of expectations (i.e., a low value of the slope coefficient in specification (1)) to treatment C (relative to
treatment B) as well as the levels of disagreement and uncertainty observed in the data. Intuitively, matching
a low slope in response to treatment C requires a higher value of k™1 (the combined precision of private
and public signals) so that agents are less confident in their priors about higher-order beliefs and therefore
respond strongly to higher-order signals. Matching the levels of disagreement and uncertainty instead
requires a lower value of k™1, so that agents are relatively more confident in their higher-order beliefs thus
reaching a contradiction.!” In contrast, the model with long-run priors decouples these moments by allowing
another source of variation (long-run priors).

Because there are now two unobserved states m and j& and we have a common public signal only for
fundamental m, the weights placed on these fundamentals in forming expectations change as we increase the
order of expectations: the weight on m is shrinking as managers put increasingly more weight on the public
signal y, while the weight on ji does not. In other words, as we increase the order of expectations in the signals,
the content of the signals is increasingly skewed (in relative terms) toward fi. Also note that our signals sg
and s¢ effectively have a higher order of expectations than E;[p] and E;[E[p]] respectively. This leads to a
discrepancy in the weights assigned to the fundamentals in the expectations that are getting updated relative
to the weights embedded in the signals. When we extrapolate the posterior beliefs for a given order of
expectations (e.g., EF0SteT07 [5]) from the prior beliefs for that order (e.g., EF°St¢"97 [p]) in response to a
signal that measures a higher order of expectations (e.g., signal B that provides E[p] + noise), this
extrapolation overstates the contribution due to & and understates the contribution due to m.

This feature of the experiment implies that from the point of the model, equation (1) is generally

17 As we discuss above, the basic noisy-information model can match the estimated regression coefficients in
specification (1) for treatments C and B if signal C is more precise than signal B. However, this would require signal C
to be an order of magnitude more precise than signal B (i.e., k. = 10xp). Relaxing the equality of precision in signals B
and C also helps the model with “long-run” priors to match quantitatively the estimated differences in slopes for signals
B and C but the required difference in precision is much more modest: it is enough to have k; = 2kg.
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misspecified: one cannot express the observed posterior first (higher) order expectations for p as a function
of only the signal received in the treatment and the observed prior first (higher) order expectations for p. '8
The misspecification introduces omitted terms that depend on prior beliefs about m and ji. Furthermore, given
the structure of the model (specifically the fact that higher-order signals put smaller weights on m), the omitted
term for E/ rior (m) creates a positive bias in the estimated slope on observed prior first (higher) order

expectations for p, while the omitted term for Ef TioT (7) creates a negative bias. As a result, on the one hand,
the true response to signal C in this modified model will tend to be weaker than the #rue response to signal B
because we need to match the fact that uncertainty in higher-order expectations is lower than uncertainty in
first-order expectations, just as was the case in the basic noisy-information model. On the other hand, provided
that we have large variation in y;, the misspecification can lead to large negative biases in the estimated slopes
in response to treatment C relative to treatment B thus matching fact 6 (see Appendix D for more details). In
summary, at least qualitatively, this model provides one potential way to reconcile theory and data.

While heterogeneity in priors can thus potentially account for all the deviations between the basic
noisy-information model and the data, this more sophisticated model does not permit easy identification of
structural parameters from the empirical moments. For example, with heterogeneous “long-run” priors, the
ratio of higher-order disagreement and first-order disagreement does not uniquely pin down § as in equation
(18). The mapping from moments to parameters is more complex and requires solving a system of nonlinear
equations. Furthermore, given the data available in our survey, the system is under-identified and, therefore,
one needs additional assumptions to calibrate model parameters (Appendix D provides an example).
Alternatively, one could bring in additional data. Particularly useful would be first- and higher-order long-
run inflation expectations to measure y; and E;[ft] to recover y, y', and K¢ (see Appendix D for more
details), but unfortunately these data were not part of our survey. The inability to pin down more parameters

of the model implies that, without additional input, it is difficult to determine whether this model is

18 There is one exception when we study the response of E; [E [ﬁ]] to signal B. In this case, the order of expectations
is the same for measured expectations E; [F [;5]] and for the signal.
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quantitatively able to match all features of the data. Nonetheless, the structure of the model and the patterns
observed in the data suggest that the model with long-run priors should assign a prominent role to variation
in long-run priors (x, 1 K¢ 1) because we need this variation to generate a negative bias in the estimated

slope coefficients in response to treatment C.

IV.D. Overconfidence

The data show considerable heterogeneity in managers’ inflation expectations as well as cross-sectional
disagreement exceeding subjective uncertainty. This suggests that managers disagree with each other about
the level of inflation but do not realize how much they disagree. In the previous section, we explained this
disagreement with heterogeneity in long-run priors. As an alternative to heterogeneity in priors, we can explain
the large degree of heterogeneity across managers and the disparity between disagreement and subjective
uncertainty by modeling managers as overconfident about the precision of their signals. Over-confidence
means that managers have excessive faith that their signals reflect the truth (Moore and Healy 2008). In this
extension, we allow managers to hold beliefs about signal precision that differ from the truth. In order to
generate the same patterns seen in the data, managers must overestimate the precision of the private signal,
K,, as in Daniel, Hirshleifer and Subrahmanyam (1998). Specifically, managers continue to receive public
and private signals as in section III where v; ~ N(0,x;1) is the noise in the private signal and & ~
N (0, Ky 1) is the noise in the public signal. However, we allow them to overestimate the precision of the

private signal such that E;[k,] > k, and they therefore overestimate its relative precision as well: § =

ElKy] Kx

= §. This means that firms’ perceived level of the fundamental will be overly sensitive
Ky+E[Ky] Ky+Ky

to the private signal but insufficiently sensitive to the public signal. We provide derivations in Appendix E.

The model with overconfidence can correctly reproduce facts 1, 3 and 4 following the same logic as
the basic noisy-information model. With respect to fact 2, there is still only one idiosyncratic source of
information, so while the model can reproduce the positive average relationship between first-order and higher-

order expectations of firms, it generates the same counterfactual prediction of a perfect correlation between the
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two as in the basic noisy-information model. Allowing for overconfidence, however, helps explain fact 5: the
greater cross-sectional disagreement in first- and higher-order expectations relative to the uncertainty in those
expectations. This is due to the fact that the low uncertainty that firms anticipate reflects the perceived precision
of the private signal, which is greater than its true precision. The dispersion in forecasts however is driven by
the actual dispersion in private signals, and therefore exceeds the uncertainty perceived by firms.'

Quantitatively, the degree of overconfidence needed to match this fact is relatively large. The
disagreement and uncertainty terms for each first-order and higher-order expectations give us four
independent moments to pin down three parameters: Ky, k,,, and E;[x,]. As before, we use a value of a based
on a separate set of survey questions following Afrouzi (2018). The ratio of cross-sectional variances of
higher-order and first-order expectations implies that § ~ 0.8.2° Given this estimate and our estimated value
of @, we obtain ¢, ~ 0.55. This in turn implies that the perceived precision of the private signal is E;[x,] =
0.15. This significantly exceeds the value of k,, = 0.02 implied by the cross-sectional disagreement. In other
words, managers should perceive private signals to be roughly an order of magnitude more precise than they
actually are. From § and E;[k,], we find that Ky ~ 0.04. The relative weights assigned to private and public
signals in forming beliefs about the price level are quantitatively very different from the optimal ones: the
optimal weight on private signals in forming first-order beliefs is §¢, =~ 0.04 while the actual weight used
by overconfident agents is 5, ~ 0.44. Because the actual private signals are in fact quite imprecise, the
large weight the managers assign to them results in a large degree of heterogeneity and disagreement.

With respect to information treatments, the structure of the basic noisy-information model is

preserved in this setting, but with perceived signal precisions (and associated response parameters) in lieu

19 An alternative to the overconfidence approach is the diagnostic model of Bordalo et al. (2018, 2019, 2020) in which
agents over-respond to a// signals. In this context, we can formalize this as perceiving both public and private signals
as being more precise than they actually are. If the over-precision is proportional across signals, agents will allocate
the same relative weights to public and private signals as in the basic noisy-information model of section III. The
cross-sectional variance of beliefs will be unchanged but the average uncertainty about both first-order and higher-
order beliefs will be lower, since these rely on perceived precision of the signals. As a result, this alternative
formulation of overconfidence or diagnostic expectations can also explain why uncertainty is lower than disagreement
in the data.

20 The model is overidentified as the ratio of higher-order uncertainty to first-order uncertainty also pins down an estimate
of 8. This additional restriction again implies that § ~ 0.8.
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of actual signal precisions. Thus, it’s still the case that managers should respond more strongly to Signal B
(first-order treatment) than Signal C (higher-order treatment) which is counterfactual. By itself,
overconfidence therefore only helps the model match fact 5. However, there is, at least, one potential way to
reconcile the model of overconfidence with our results on the effects of information treatments. Specifically,
if one were willing to consider models of overconfidence in which agents are potentially overconfident about
the quality of the signals introduced in the information experiment, then this could reconcile the model with
the data. Specifically, this would require managers to have differential overconfidence in signals B and C. In
that sense, such a model would resemble the basic noisy-information model in requiring differential precisions
for signals B and C, that is, both models require an extra degree of freedom to rationalize the observed

reactions to signals. But a priori it’s not clear why one might expect overprecision of this type.

IV.E. Level-k Thinking

The basic noisy-information models assumes that agents undertake infinite degrees of reasoning about the
pricing decisions of others. Reasoning of this sort is, however, difficult and computationally intensive.
Managers are therefore likely, due to either cognitive constraints or recognizing the costs of such reasoning,
to limit their degrees of thinking to levels well below infinity. In this section, we introduce cognitive
constraints via level-k thinking, i.e. restricting how far individuals go in terms of higher-order thinking.

To make our model of expectations consistent with level-k thinking, we revise the optimal pricing
equation in equation (9) such that firm i will weigh the public and private signals according to

vk, ar[[1_5r+1]y+5r+1xi]

k
27‘:0 ar ’

pi(k) =
where k is the firm’s type. We allow firms to fall into one of three different thinking types such that k =
0,1,2. A level-0 firm will have pricing strategies in equation (10) with ¢, o = § and ¢, o = 1 — . These

strategies ignore the strategic complementarity in prices and rely only on the relative precision of the public

and private signals. One can show that the strategies for level-1 and level-2 firms will shift weight towards

41



1+ab+-+(as)k
1+a+-+ak

the public signal; that is, ¢y > ¢y1 > ¢y, and ¢y o < Py 1 <Py, as Py =96 and

¢y x =1 — ¢y k. The aggregate price-level will then be a weighted average of the pricing behavior of each

type of firmp = Y'2_, wxp(k) where w,, is the proportion of firms thinking at level-k and m = Py m+
¢, 1y - Heterogeneity in strategies means that firms must consider the distribution of types in forming their
expectations. For simplicity, we model that all firms behave as if all other firms are of their own type.

Due to their cognitive constraints, level-0 and level-1 firms are unable to iterate expectations past
their first-order expectation. As a result, their higher-order expectations are the same as their first-order
expectations. For level-2 firms, higher-order expectations reflect an extra level of iteration relative to their

first-order expectations but do not go through the full iteration of firms in the basic noisy-information model.
Nonetheless, it is still the case that E; , [E[ﬁ]] = (1 —8)y + 6E;,[p] as in the basic model where E;,

denotes the expectation of firm i of level-2.

The model with level-k thinking can readily accommodate the same facts as the noisy-information
model. For example, one can show (Appendix B) that for level-0 and level-1 firms, higher-order and first-
order expectations are the same, so fact 1 holds exactly for them and can hold for level-2 firms just like for
firms in the basic noisy-information model. Similarly, the dispersion of higher-order expectations will be
lower for level-2 firms than the dispersion in their first-order expectations, while it will be identical for
level-0 and level-1 firms, so fact 3 will hold as long as there are some level-2 firms. The same logic holds
for fact 3 in terms of average uncertainty. Unlike the basic model, fact 2 will also now be satisfied. This is
because level-0 and level-1 firms have a slope relationship of one between their first-order and higher-order
beliefs while level-2 firms have a slope relationship of § < 1. Because we mix groups of firms with
different slopes, there will be an imperfect correlation between first- and higher-order beliefs across all
firms, with a positive average slope that is less than 1.

The level-k model does not have a clear prediction for the difference between disagreement and
uncertainty. However, using the proportions of types observed in our data, any feasible calibration of § yields
disagreement and uncertainty estimates that are approximately equal (see Appendix B for derivations). Finally,

42



the model with level-k thinking will not be able to match fact 6, the stronger response of beliefs to higher-order
than first-order treatments. This is because level-2 firms will respond like firms in the basic noisy-information
model, i.e. more strongly to lower-order signals. Level-0 and level-1 firms will respond equally strongly to the
two signals since these firms do not distinguish between first-order and higher-order moments.

While level-k thinking helps match some empirical facts that the basic model cannot, it also makes
testable predictions regarding firms’ beliefs and their level of thinking. For example, key to the model’s
ability to match fact 2 is that higher-order and first-order expectations have a slope relationship of 1 when
k=0 or 1 but a slope less than one for £&=2. In the survey, we asked questions that allow us to characterize
the degree of level-k thinking of firms and thereby test these additional predictions of the model.
Specifically, following Nagel (1995), Nagel and Duffy (1997) and many others, we characterize managers’
degree of reasoning by asking the following question:

“Please choose a number from zero to 100. We will take your number as well as the numbers

chosen by other managers to calculate the average pick. The winning number will be the number

that is closest to two-thirds (2/3) of the average. The individual(s) with the winning number will

receive (or share with other winners in case of tie) $500.”

2

k
A k™-level thinker provides the following guess: g(k) = (5) X 50. The distribution of managers’ guesses

appears in Figure IV. Guesses appear throughout the entire interval (0-100). However, when we restrict
the sample to those managers who spent at least 20 seconds on the question, the guesses pile on integers
associated with reasoning types as defined by the equation above between k = 1 and k = 5, with the
number of managers of each type declining with k. Accordingly, we classify these managers by their guess

and assign k = 0 to those who answer the question in less than 20 seconds.?'*> The average guess in our

21 The guesses associated with k = 0 therefore fall throughout the [0,100] interval, rather than at 50 as in Nagel (1995).
22 As a robustness check, we consider an alternative treatment of guesses with short response times: we code responses
as level-zero thinking if response times are less than 20 seconds and responses are between 47 and 53; we set level of
thinking to missing for other responses with response time less than 20 seconds. We denote this alternative coding
with k'.
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sample is 33 when we use all responses and 21 when we use guesses with response time of 20 or more
seconds. In our survey, 36.8 percent of managers are k = 0, as opposed to 20 to 27.3 percent in the
experimental studies. Our sample is also more heavily weighted towards higher thinking types (k = 3) than
other papers, with roughly a quarter of the sample performing such high degrees of reasoning.?* Individual
levels of thinking are generally uncorrelated with the observable characteristics of firms and managers as
well as industry fixed effects (Appendix Table 6).

Table V documents how various moments of survey expectations from New Zealand vary with the
level of k of each agent. Mean expected inflation and disagreement about future inflation decrease in k,
while uncertainty is approximately constant across k. These patterns hold for first- and higher-order
inflation expectations and are broadly consistent with theoretical predictions: low-k firms should disagree
more (since they place more weight on private signals) and should be more likely to have expectations with
larger departures from fundamentals. The precision of signals (ky, k), the relative precision of the private
signal (), and the weight on the private signal (¢, ) exhibit an inverted-U shape in k whereas the theory
predicts that ¢, ; should decrease in k monotonically. Finally, while in our theoretical setting the cross-
sectional correlation between first- and higher-order inflation expectations is perfect (recall that private
signals x; is the only source of variation in the cross-section), one might more generally expect the
correlation to be stronger for low-level thinkers because these thinkers do not distinguish between low- and
high-level expectations. In fact, we find that the correlation between first- and higher-order inflation
expectations is weakly increasing in k. In short, we do not observe clear links between the level of thinking
done by managers and their reported first-order and higher-order inflation expectations.

This evidence should be interpreted with caution for several reasons. First, sample sizes are relatively
small so the sampling uncertainty in the estimates is relatively large. Second, the amount of predicted variation

in sensitivity of beliefs and possible actions to new information across different & can be quantitatively small

23 Camerer (1997) reports that average responses for CEOs at Cal Tech’s Board of Trustees, for portfolio managers,
and for Wharton’s MBA students are 38, 24, and 38 respectively. However, Camerer (1997) reports generally lower
average scores for subjects participating in experimental settings.
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depending on underlying parameter values. The fact that we cannot uncover meaningful differences depending
on the level of thinking may therefore reflect underlying parameter values rather than a failure of the model.
Third, while beauty contest questions are commonly used to assess the level of thinking in the experimental
literature, these measures may not necessarily be appropriate to measure the levels of thinking used by
managers when they revise their inflation expectations or make decisions about employment, investment, etc.
In this case, the fact that we do not find variation in expectations or behavior for different levels of £ could
simply reflect a poor identification of relevant k. Future work could consider alternative approaches to measure

cognitive abilities of firm managers to assess whether these affect their beliefs and decisions.

V. Concluding remarks

This paper presents novel survey evidence on the higher-order inflation expectations of firms. Higher-order
expectations are often perceived to be crucial to many decisions and play a key role in many macroeconomic
models. Yet empirical evidence on them has been completely lacking. Our survey therefore provides
unprecedented empirical evidence on how firms form higher-order beliefs about inflation and how these
relate to their first-order beliefs. The resulting empirical facts can be used to both test and quantify models
with higher-order beliefs. For example, we illustrate how our empirical moments can be used to pin down
the parameters of a basic noisy-information model. These results can therefore be of immediate practical
use for future work using this class of models.

Our results can also help identify along which dimensions noisy-information models could be
extended. Indeed, while simple models of noisy-information can go a long way in rationalizing observed
expectations of firms, the mapping from expectations to actions is more complex than is commonly postulated
by these models. One increasingly popular departure from the noisy-information model with infinite regress
is to assume cognitive constraints on agents, for example in the form of level-£ thinking. While we are able
to identify the level of thinking associated with each manager, we find little evidence that any important
dimension of the data is related to these differing levels of thinking. However, other forms of cognitive

constraints could potentially still be useful in thinking about the relationship between first-order and higher-
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order beliefs. Allowing for overconfidence or diagnostic expectations on the part of agents, for example,
allows the model to conform more closely to our survey results. Another promising extension is incorporating
heterogeneity in “long-run” priors. This extension can help explain many of the otherwise puzzling empirical
results, but the additional flexibility introduced by this model also implies that our data moments are
insufficient to pin down all the parameters of the model. Future work that tries to identify the long-run priors
of respondents, along with their first and higher-order beliefs, could break this identification constraint.
While these results present a theoretical challenge to basic noisy-information models, they
nonetheless should be of immediate interest to policymakers. For example, communication-based policy
tools (e.g., forward guidance) often rely on moving not only first-order but also higher-order expectations.
These results provide a rationale for utilizing survey measures of inflation expectations in policymaking as
well as a foundation for policies operating via information interventions (e.g., forward-guidance). Our
findings therefore contribute to a broader research agenda explaining the expectations formation of agents

and utilizing these expectations in policymaking.
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Table I. Descriptive statistics for the initial wave of the survey.

Mean St.dev.
€] @

Firm characteristics

Employment 37.70 67.98

Age 25.97 19.23

Share of domestic sales in total sales 97.19 7.69

Number of competitors 8.78 6.26
Manager characteristics

Tenure at the firm 11.48 7.32

Gender (female=1) 0.19 0.39

Years of schooling 16.71 1.92
Sectoral shares

Manufacturing 0.31

Construction 0.08

Transport and communication 0.07

Trade 0.17

Other services 0.36

Notes: The table provides summary characteristics of respondents in the first wave of survey. All statistics are unweighted. The
number of observations is 1,032.
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Table Il. Expectations of future inflation and other managers’ inflation expectations.

St.dev. . Correlation with
f# obs. Mean (disagreement) Uncertainty expected inflation
€)) 2 (©) 4 (6]

Initial wave (pre-experiment)
Expected inflation, 12-month ahead 1,032 341 3.06 1.11 1.00
Expected inflation expectation of other managers, 12-month ahead 1,032 3.50 2.43 0.89 0.68
p-value for equality of moment 0.18 0.00 0.00

Initial wave (post experiment)
Expected inflation, 12-month ahead 1,032 3.25 1.76 - 1.00
Expected inflation expectation of other managers, 12-month ahead 1,032 3.23 1.42 - 0.62
p-value for equality of moment 0.79 0.00 -

Follow-up wave
Expected inflation, 12-month ahead 515 3.03 2.11 0.89 1.00
Expected inflation expectation of other managers, 12-month ahead 515 3.49 1.74 1.14 0.70
p-value for equality of moment 0.00 0.00 0.00

Memorandum
Expected inflation, 12-month ahead, point prediction, initial wave 1,032 3.76 2.52 - 0.63
Perceived inflation, previous 12 months, point prediction, initial wave 1,032 4.11 2.55 - 0.93
Expected unemployment rate, 12-month ahead 1,032 4.90 0.55 0.40 -0.01
Expected aggregate wage growth rate, 12-month ahead 1,032 1.14 1.12 1.27 0.03
Expected price change for firm products, 3-month ahead 1,032 0.86 2.04 - 0.07
Expected wage change for firm employees, 3-month ahead 1,032 0.30 0.77 - 0.13
Expected change for firm fixed assets, 3-month ahead 1,032 1.75 3.47 - 0.15
Expected change for firm employment, 3-month ahead 1,032 3.05 5.07 - -0.08

Notes: The table reports basic moments of first-order and higher-order expectations of inflation. Column (3) reports the cross-sectional standard deviation of mean inflation forecasts.
Column (4) reports the average (across managers) standard deviation of the reported distribution for future inflation. Column (5) for memorandum items reports correlation with
expected inflation (12-month ahead) in the first row of the table.
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Table Ill. Effect of Information Treatment on Expectations. .

Initial wave

Follow-up wave

Row  Treatment Own Higher-order  p-value Own Higher-order  p-value
Expectations  Expectations equality Expectations  Expectations equality
() @ G) 4) ) (©)

(1) Group A, Control 0.727*** 0.699*** 0.35 0.744%** 0.708*** 0.45
(0.020) (0.021) (0.038) (0.038)

(2) Group B, E[m;] 0.502%** 0.430%*** 0.21 0.461*** 0.513%** 0.45
(0.041) (0.039) (0.065) (0.049)

3) Group C, EZ [,] 0.090*** 0.118*** 0.36 0.116%*** 0.146%** 0.61
(0.018) (0.024) (0.043) (0.047)

4) Group D, E[r,] and EZ [7,] 0.096*** 0.071%*** 0.37 0.155%** 0.097** 0.18
(0.022) (0.019) (0.038) (0.042)

®)) Group E, my_4 0.059%** 0.062%** 0.90 0.088** -0.006 0.14
(0.015) (0.021) (0.043) (0.040)

Observations 1,032 1,032 515 515

R? 0.757 0.759 0.653 0.602

Notes: The table reports the coefficient on managers’ pre-treatment inflation expectations in specification (1). The dependent variable in each column is
the post-treatment inflation expectation. All inflation expectations are measured at the one-year-ahead horizon. Group B was provided information about

the average first-order inflation expectation of other firms (E[r,]), group C was provided information about the average higher-order inflation expectation

(FZ [7:]), group D received both pieces of information, while group E was told the most recent inflation rate (7;_;). Group A is the control group and
received no information. Columns (1) and (2) present results for post-treatment inflation expectations measured immediately after treatment. Columns (4)
and (5) present results for post-treatment inflation expectations measured three months after treatment. Columns (1) and (4) are for firms’ own inflation
expectations Columns (2) and (5) present the same results for the expectation of other firms’ inflation expectations. Column (3) reports p-values of the
null hypothesis that columns (1) and (2) are equal. Column (6) reports p-values of the null hypothesis that columns (4) and (5) are equal. Robust standard

errors are reported in parentheses. ***, ** and * indicate significance at the 0.01, 0.05 and 0.10 percent levels, respectively.
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Table IV. Empirical Stylized Facts and Theory Predictions.

Basic noisy-

Noisy-information model with:

Empirical Stylized Facts '1nfor¥nat10n model . reporting error  heterogeneous ovqrcon'ﬁdence semi-public level-k

with private and public . ) in private . L
. in survey long-run priors ; signal thinking
signals signals

Fact 1: The average first-order inflation expectations is

approximately equal to average higher-order inflation Yes Yes Yes Yes Yes Yes

expectations

Fact 2: First-order and higher-order inflation No: Perfect

expectations are positively but not perfectly correlated ~ No: Perfect correlation correlation with

) . . . . Yes Yes Yes Yes

in the cross-section with a slope coefficient less than with slope less than one slope less than

one. one

Fact 3: The cross-sectional dispersion in first-order

inflation expectations is greater than the dispersion in Yes Yes Yes Yes Yes Yes

higher-order inflation expectations.

Fact 4: The average uncertainty in first-order inflation

expectations is greater than the uncertainty in higher- Yes Yes Yes Yes Yes Yes

order inflation expectations.

Fact 5: The average level of uncertainty in first-order

(hlgher—orfler) m'ﬂatlor'l expectatlons 1S smaller than the No Yes Yes Yes No No

cross-sectional dispersion in first-order (higher-order)

inflation expectations.

Fact 6: The response of both first-order and higher-

order inflation expectations is greater to an information

treatment about the higher-order inflation expectations No No Yes No No No

of others than to an information treatment about the
first-order inflation expectations of others.

Notes: The table summarizes the empirical stylized facts from the survey (column 1) and the extent to which the models of sections III and IV are consistent with these moments.
In terms of matching fact 1, all the “Yes” answers mean that the models can be consistent with fact 1 for specific realizations. The “Yes” response of the model with heterogeneous
long-run priors to fact 3 is conditional on parameter values (see section IV.C). For fact 6, the “No” responses mean that models cannot match the fact without assuming that signals
about the higher-order beliefs of other firms would have significantly less noise than signals about first-order beliefs of firms (see section 3.2). The “No” response for level-k
thinking to Fact 5 is conditional on the distribution of firms in the data (see section IV.E).
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Table V. Moments of inflation expectations and implied parameter values by level of thinking.

Level of thinking
k=0 k=1 k=2 k=3 k=4 k=5 me‘};?rzang“m
€)) @) A “) (©) ) @)

Moment of own (first-order) inflation expectations

Mean 5.16 2.60 2.24 2.40 2.46 1.54 3.53

Disagreement 2.83 291 2.50 2.71 2.60 2.49 2.87

Uncertainty 1.29 1.06 0.95 0.92 1.02 1.03 1.10
Moment of higher-order inflation expectations

Mean 4.87 2.83 2.74 2.69 2.62 2.13 3.87

Disagreement 2.09 2.40 2.17 2.32 2.20 1.58 2.54

Uncertainty 0.88 0.95 0.80 0.92 0.93 0.86 0.90
Correlation between first- and higher-order 0.48 0.66 0.68 0.70 0.71 0.79 0.65
inflation expectations
Slope in the regression of higher-order beliefs on 0.36 0.54 0.59 0.60 0.60 0.50 0.58
first-order beliefs (0.04) (0.06) (0.05) (0.08) (0.06) (0.05) (0.06)
Strategic complementarity in pricing, 0.68 0.69 0.75 0.56 0.84 0.82 0.82

(0.04) (0.05) (0.06) (0.06) (0.05) (0.10) (0.07)

Implied parameters

é 0.74 0.82 0.87 0.86 0.85 0.63 0.89

by 0.47 0.59 0.62 0.72 0.47 0.24 0.58

Ky 0.015 0.028 0.047 0.052 0.023 0.004 0.032

Ky 0.004 0.007 0.012 0.013 0.006 0.001 0.008
Observations 378 216 160 134 110 34 72

Notes: The table reports moments of inflation expectations by level of thinking k. Classification of managers into various level of k is described in section IV.E. Coding k' for
level of thinking sets k' = 0 for guesses in the beauty contest with response time of 20 seconds or more and responses close to 50 and response time less than 20 seconds. The
coding of k and k' is identical for k > 0. Disagreement is the cross-sectional standard deviation of mean inflation forecasts. Uncertainty is the average (across managers) standard
deviation of the reported distribution for future inflation. Parameters a, 6, @y, ky, k,, implied by these moments are calculated as in section III. Precision of signals K, k,, is
calculated using disagreement in first- and higher-order inflation expectations. Figures in parentheses report heteroskedasticity-robust standard errors for estimated regression
coefficients.
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Figure I. Probability distributions of first-order and higher-order inflation expectations.
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Notes: The red circles show the average probability assigned to a given bin across all respondents. The sum of red circles is 100%. The shaded areas
show the share of respondents reporting a given probability range in a given range. For example, take the [0,2] bin. Light-shade area shows the share
of respondents that assigned zero probability that inflation next year will be in the [0,2] bin. A slightly darker area shows the share of respondents that
assigned (0%,10%] probability that inflation next year will be in the [0,2] bin. An even darker area shows the share of responses that assigned
(10%,20%] probability that inflation next year will be in the [0,2] bin. And so on. The darkest area shows the share of respondents that assigned
(90%,100%)] probability that inflation next year will be in the [0,2] bin. By construction, the shared areas sum up to 100%. Average probabilities (red
circles in the figure) and the corresponding standard derivations across bins are reported in Appendix Table 4.
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Figure Il. Distribution of within-respondent differences in probabilities assigned to first- and -higher-order
beliefs.
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Notes: The red circles show the average difference in probability assigned to a given bin across all respondents. The sum of
red circles is 0%. The W-shape of the difference in probabilities means that people assign lower probabilities for tail
outcomes when they think about others’ expectations. In other words, the distribution of higher-order beliefs is more
concentrated than the distribution of first-order expectations. The shaded areas show the share of respondents reporting a
given range in probability difference. For example, take the [0,2] bin. Light-shade area at the bottom of the bar chart shows
the share of respondents that have a difference (between higher-order and first-order probabilities assigned to the [0,2] bin)
between 80% and 100%. For instance, if somebody assigns 100% probability for first-order (own) expectations for this bin
and 0% probability for higher-order expectation, this person will be in this group. A slightly darker area shows the share of
respondents that assigned (60%,80%] difference in probability that inflation next year will be in the [0,2] bin. And so on.
By construction, the shared areas sum up to 100%. Average difference in probabilities (red circles in the figure) and the
corresponding standard derivations of the differences across bins are reported in Appendix Table 4.
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Figure Ill. Own Expectations and Higher-order Expectations.
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Notes: The figure reports the relationship between a manager’s own expectation of inflation and their higher-order expectation of
inflation. Expectations are measured as mean expectations implied by the reported probability distributions for future inflation (see
Appendix Table 2 for the wording of the questions). Expectations are for the one-year-ahead horizon.
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Figure IV. Responses to Beauty Contest Question.
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Notes: This figure shows the distribution of guesses from the beauty contest game. We asked managers to provide a guess between zero
and 100 with the guess closest to 2/3 of the average guess receiving a prize. For managers who spent at least 20 seconds in considering
their guess, we see clumping of guesses at those points which correspond neatly with level-k types as defined in Nagel (1995). Those
managers who answered the question in less than 20 seconds made guesses dispersed across the full interval.
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Appendix Figure 1. Revision of beliefs immediately after treatment: first-order beliefs.
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Appendix Figure 2. Revision of beliefs immediately after treatment: higher-order beliefs.
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Appendix Figure 3. Revision of beliefs in the follow-up survey: first-order beliefs.
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Appendix Figure 4. Revision of beliefs in the follow-up survey: higher-order beliefs.
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Appendix Figure 5. Distribution of moments for first- and higher-order inflation expectations.
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Notes: the figure shows the distribution of implied means (Panel A) and implied uncertainty (standard deviation; Panel B) across
managers. Both moments are computed using probability distributions for expectation inflation. The moments are computed for first-
order (“own”) and higher-order (“others’”) expectations.
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Appendix Figure 6. Distribution of the difference between first-order and higher-order expectations across inflation bins by subsample.
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Appendix Table 1. Predictors of selection into the follow-up wave of the survey.

Dependent variable:
Participation in the follow-up wave of the survey

@) 2) (€] C))
Ln(Employment) -0.026 -0.022 -0.020 -0.023
(0.023) (0.023) (0.024) (0.024)
Ln(Age) -0.028 -0.029 -0.029 -0.027
(0.018) (0.018) (0.018) (0.018)
Share of domestic sales -0.002 -0.002 -0.002 -0.003
(0.002) (0.002) (0.002) (0.002)
Number of competitors -0.004 -0.005 -0.005 -0.005
(0.003) (0.004) (0.004) (0.004)
Manager’s tenure at the firm -0.004 -0.004 -0.004
(0.002) (0.002) (0.002)
Manager’s gender (male = 1) -0.015 -0.015 -0.023
(0.039) (0.039) (0.040)
Manager’s years of schooling 0.001 0.001 0.001
(0.008) (0.008) (0.008)
Level of thinking, £ 0.004 0.004
(0.011) (0.011)
Constant 0.892%**  (0.926%**  (0.913*%**  1.000%**
(0.222) (0.259) (0.262) (0.268)
Observations 1,032 1,032 1,032 1,032
R-squared 0.005 0.007 0.007 0.011
Industry FE No No No Yes

Notes: the table reports estimates of the linear probability model to check selection on observable characteristics of firms and managers.
Participation is the dummy variable equal to one if a firm participates in the follow-up and zero otherwise. Industry fixed effects are at
the one-digit level. Robust standard errors are reported in parentheses. ***, ** and * indicate significance at the 0.01, 0.05 and 0.10
percent levels, respectively.
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Appendix Table 2. Distribution of probability bins

Panel A. Own expectations
Please assign probabilities (from 0-100) to the following ranges of possible overall price changes for the New Zealand
economy over the next 12 months: (Note that the probabilities in the column should sum to 100)

Percentage Price Changes PER YEAR over the next 12 months.
Probabilities
More than 25%:  eeeeeeeteeeeenn %
From 15t025%: = eeirrieeeeees %
From 10 to 15%: = ereeieiieeeee. %
From 8to 10%:  eeerieeeeees %
From 6to 8%: ereeiieeeee %
From4to 6%: = eeeeeieeeeees %
From 2 to4%: = eeeeeeeeeeeees %
From 0to2%: = eeeeieeeeeeeees %
From-2to0%:  eeeieiieeeees %
From-4t0-2%: eereieeeeeen %
From -6 to-4%: e %
From-6t0-8%: e %
From -8 to -10%:  eeerieieeeeee. %
From -10 to -15%: = eererieeee. %
From -15t0 -25%:  ereererieeeeee. %
Less than -25%:  reeieiieeeeees %
Total (the column should sum to 100%): 100 %

Panel B. Expectations of Other Managers’ Beliefs
We would like to know what your opinion is about what other managers (drawn from all sectors of the New Zealand
economy in a representative way) think will happen to overall prices in the economy. Please assign probabilities
(from 0-100) to the following ranges of beliefs that other managers might hold about overall price changes in the
economy over the next 12 months for New Zealand: (Note that the probabilities in the column should sum to 100)

Percentage Price Changes PER YEAR over the next 12 months.
Probabilities
More than 25%:  eeeeeeeteeeeenn %
From 15t025%: = eeereeieeeeees %
From 10 to 15%: = ereeieeieeeee. %
From 810 10%: eeeeiereeeeens %
From 6to8%: eeeeeeeeeees %
From 4 to 6%:  eeeeereeeeens %
From 2 to4%: eeeereeeeens %
From 0to2%: = eeeeieeeeeeeee. %
From -2 to 0%:  eeeeeeeeeeeenn %
From-4t0-2%: reereiiieeeen %
From -6 to-4%: e %
From-6t0-8%: e %
From -8 to -10%:  eeeeierieeeeee. %
From -10 to -15%: = eererreeeeee. %
From -15t0 -25%:  ereeieeieeeeee. %
Less than -25%:  eeeeeeeeeees %
Total (the column should sum to 100%): 100 %
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Appendix Table 3. Moments for first- and higher-order inflation expectations by subsamples.

Mean Disagreement Uncertainty Correlation of
Sample First- Higher- First- Higher- First- Higher- HO and FO
p order order order order order order expectations
€)) @) (€)) 4 ®) ©) ()

Full sample 341 3.50 3.06 243 1.11 0.89 0.68
Industry Manufacturing 3.37 3.66 3.06 2.12 1.07 0.90 0.64

Service 341 3.38 3.09 2.54 1.14 0.89 0.71

Construction 3.52 3.78 2.85 2.70 0.99 0.91 0.67
Firm size [6,10] 0.88 1.50 0.93 1.19 0.87 0.90 -0.00

[11,49] 3.98 3.96 2.97 2.44 1.17 0.88 0.66

50 or more 5.96 5.51 2.54 1.47 1.33 0.90 0.01
Manager Some college or less 3.46 3.55 3.07 2.44 1.09 0.86 0.72
education  College 3.39 3.40 2.98 2.37 1.11 0.90 0.68

Graduate studies 3.36 3.54 3.14 2.50 1.11 0.93 0.65
Gender Male 3.33 344 3.05 2.44 1.10 0.90 0.68

Female 3.74 3.75 3.06 2.37 1.1 0.86 0.67
Firm age 10 years or less 2.99 3.19 291 2.31 1.08 0.81 0.75

(10,25] years 3.18 3.43 2.99 2.49 1.04 0.91 0.67

More than 25 years 3.62 3.61 3.14 2.41 1.14 0.90 0.66
Manager 15 years or less 1.86 2.31 2.36 2.19 0.97 0.92 0.62
tenure [16,29] years 2.79 2.92 2.85 2.27 1.05 0.85 0.74

29 years or more 5.61 5.33 2.63 1.70 1.30 0.92 0.23
Number of [1,2] 5.97 5.48 2.27 1.41 1.33 0.92 0.11
competitors [3,10] 4.72 4.55 2.97 2.29 1.20 0.90 0.52

11 or more 1.00 1.61 1.18 1.39 0.91 0.88 0.31

Notes: Columns (1) and (2) report average inflation expectations for first-order (FO) and higher-order (HO) expectations. Inflation expectations are measured as implied means

from the reported distributions. Columns (3) and (4) report the standard deviation (disagreement) for FO and HO inflation expectations (implied means) across firms. Columns (5)

and (6) report average uncertainty for FO and HO inflation expectations across firms. Uncertainty is measured as the standard deviation implied by the reported probability

distribution. Column (7) reports the correlation between FO and HO inflation expectations (implied means) across firms.
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Appendix Table 4. Distribution of first-order and higher-order expectations across inflation bins.

Average probability
(standard deviation of probability)

Inflation bin First-order Higher-order First-order minus

. . higher-order
expectations expectations expectations

(1) 2) (€)

[25, o0) 0.0 0.0 0.0
(0.0) (0.0) (0.0)

[15,25) 0.2 0.1 0.1
(1.8) (1.0) 2.1)

[10,15) 1.5 0.6 0.9
(6.2) (3.0) (6.8)

[8,10) 73 3.5 3.8
(16.7) (8.8) (17.6)

[6.8) 15.4 12.2 3.2
(22.7) (24.5) (27.3)

[4,6) 17.3 29.4 -12.1
(25.0) (36.6) (35.1)

[2.4) 13.8 19.6 -5.8
(21.1) (29.5) (36.7)

[0,2) 32.7 27.7 5.0
(37.6) (35.3) (32.8)

[-2,0) 10.3 6.2 4.1
(20.5) (16.3) (23.9)

[-4,-2) 1.3 0.8 0.5
(6.5) (3.8) (7.4)

[-6,-4) 0.2 0.0 0.2
(3.2) (0.0) (3.2)

[-8,-6) 0.0 0.0 0.0
(0.8) (0.0) (0.8)

[-10,-8) 0.0 0.0 0.0
(0.9) (0.0) (0.9)

[-15,-10) 0.0 0.0 0.0
(0.0) (0.0) (0.0)

[-25.-15) 0.0 0.0 0.0
(0.0) (0.0) (0.0)

(-00,-25) 0.0 0.0 0.0
(0.0) (0.0) (0.0)

Notes: The table reports average probability (standard deviation in parentheses) assigned by managers to future

inflation bins indicated in the left column.
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Appendix Table 5. Effect of Information Treatment on Expectations.

Initial wave Follow-up
wave
Row  Treatment Own Own
Expectations Expectations
(0 @
) Group A, Control 0.96*** 0.973%**
(0.014) (0.045)
() Group B, E[m;] 0.625%** 0.574%**
(0.051) (0.076)
3) Group C, EZ [,] 0.122%** 0.157**
(0.026) (0.061)
4) Group D, E[m,] and EZ [mTs] 0.115%** 0.175%**
(0.031) (0.049)
(5) Group E, ;_4 0.073%** 0.096*
(0.020) (0.054)
Observations 1,032 515
R? 0.840 0.672

Notes: the table replicates analysis in Table III with the regressor being the point prediction for inflation rather than implied mean. See

note to Table III.

for more details.
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Appendix Table 6. Predictors of level of thinking.

Sample
]lief; evré(lkz;[ tﬁ?;ﬁi? All responses Responses with k > 0 Resp (l)llllissf;?nv;lg} hon
@) 2 (©)) 4 (©) )
Firm characteristics
Ln(Employment) -0.314%** -0.315%** -0.023 -0.021 -0.131 -0.140
(0.066) (0.068) (0.088) (0.090) (0.093) (0.095)
Ln(Age) -0.038 -0.035 0.022 0.023 -0.023 -0.017
(0.048) (0.048) (0.055) (0.055) (0.057) (0.057)
Share of domestic sales -0.013** -0.011 -0.012* -0.013* -0.017** -0.019**
(0.006) (0.007) (0.007) (0.008) (0.007) (0.008)
Number of competitors 0.044%** 0.043%** 0.002 0.002 0.008 0.007
(0.011) (0.011) (0.012) (0.012) (0.012) (0.012)
Manager characteristics
Manager’s tenure at the firm -0.011* -0.012* -0.007 -0.006 -0.002 -0.003
(0.007) (0.006) (0.009) (0.009) (0.009) (0.009)
Manager’s gender (female = 1) 0.006 -0.005 0.093 0.084 0.007 -0.031
(0.110) (0.111) (0.126) (0.129) (0.133) (0.137)
Manager’s years of schooling 0.008 0.010 0.024 0.024 0.021 0.021
(0.023) (0.023) (0.026) (0.026) (0.027) (0.027)
Observations 1,032 1,032 654 654 726 726
R? 0.144 0.148 0.009 0.011 0.019 0.022
Industry FE No Yes No Yes No Yes

Notes: The table report results of regressing level of thinking k on firm and manager characteristics. Industry fixed effects are at the
one-digit level. Coding k' for level of thinking sets k' = 0 for responses with response time of 20 seconds or more and responses close
to 50 and response time less than 20 seconds. The coding of k and k' are identical for k > 0. Robust standard errors are reported in
parentheses. *** ** and * indicate significance at the 0.01, 0.05 and 0.10 percent levels, respectively.
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Appendix Table 7. Predictors of inflation expectations.

Dependent variable:

Expected inflation, Expected inflation,
implied mean implied uncertainty
First-order  Higher-order First-order = Higher-order
€)) 2) (©)] “

Firm characteristics
Sector (omitted category: Manufacturing)

Services 0.082 -0.278** 0.080* 0.001
(0.143) (0.111) (0.047) (0.047)
Construction -0.148 -0.100 -0.108 0.028
(0.258) (0.213) (0.077) (0.092)
Employment (omitted category: [6,10] employees)
11 to 49 employees 1.419%** 1.142%%* 0.166%*** -0.051
(0.141) (0.135) (0.050) (0.055)
50 or more employees 2.333%x* 1.826%** 0.248%** -0.053
(0.245) (0.181) (0.072) (0.077)
Number of competitors (omitted category: 1 or 2 competitors)
3 to 10 competitors -0.729%#* -0.488*#* -0.078 -0.022
(0.213) (0.144) (0.065) (0.065)
11 competitors or more -3.072%%* -2.262%%* -0.227%** -0.065
(0.236) (0.183) (0.075) (0.076)
Firm age (omitted category: 10 years old or less)
11 to 25 years old 0.126 0.185 -0.047 0.095
(0.171) (0.148) (0.055) (0.058)
26 or more years old 0.437** 0.173 0.083 0.087
(0.175) (0.145) (0.057) (0.057)
Manager characteristics
Gender
Male -0.050 -0.069 -0.007 0.042
(0.174) (0.133) (0.051) (0.056)
Education (omitted category: some college or less)
College diploma -0.065 -0.135 0.013 0.046
(0.148) (0.122) (0.047) (0.053)
Graduate studies -0.131 -0.029 0.014 0.071
(0.163) (0.128) (0.053) (0.054)
Tenure in the industry (omitted category: 15 years or less)
16 to 29 years 0.424%** 0.227* 0.035 -0.082
(0.144) (0.134) (0.047) (0.052)
30 years or more 1.162%** 1.082%** 0.101* -0.013
(0.217) (0.175) (0.060) (0.072)
Observations 1,032 1,032 1,032 1,032
R-squared 0.547 0.542 0.094 0.009

Notes: the table reports estimated coefficients for the regression of a given moment for inflation expectations on a set of indicator
variables capturing firm and manager characteristics. The dependent variables are indicated in column titles. Robust standard errors are
reported in parentheses. *** ** * indicate statistical significance at 1, 5, and 10 percent levels.
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Appendix Table 8. Test the importance of wording and ordering of inflation expectation questions.

Moments Groups
Control Treatment p-value for
Hypothesis (baseline (alternative equality
wording/ordering) wording/ordering)
(@9) 2 (€)
Panel A. First-order expectations
First-order expectations elicited before higher-order Mean 2.601 2.438 0.184
expectations (baseline) vs. First-order expectations elicited St.dev. 1.906 1.875 0.721
after higher-order expectations (alternative); condition on Uncertainty 1.171 1.153 0.668
no “do not know” option N. obs 475 475
First-order expectations elicited before higher-order Mean 2.319 2.604 0.284
expectations (baseline) vs. First-order expectations elicited St.dev. 1.949 2.101 0.419
after higher-order expectations (alternative); condition on Uncertainty 1.261 1.291 0.708
allowing respondents to choose “do not know” N. obs 118 116
No “do not know” option (baseline) vs. “do not know option” Mean 2.601 2.319 0.160
(alternative), condition on first-order expectations elicited St.dev. 1.906 1.949 0.737
before higher-order expectations Uncertainty 1.171 1.261 0.176
N. obs 475 118
No “do not know” option (baseline) vs. “do not know option” Mean 2.438 2.604 0.436
(alternative), condition on first-order expectations elicited St.dev. 1.875 2.101 0.107
after higher-order expectations Uncertainty 1.153 1.291 0.025
N. obs 475 116
Panel B. Higher-order expectations
First-order expectations elicited before higher-order Mean 2.675 2.538 0.227
expectations (baseline) vs. First-order expectations elicited St.dev. 1.771 1.717 0.495
after higher-order expectations (alternative); condition on Uncertainty 1.171 1.153 0.668
no “do not know” option N. obs 475 475
First-order expectations elicited before higher-order Mean 2.505 2.586 0.745
expectations (baseline) vs. First-order expectations elicited St.dev. 1.815 1.840 0.886
after higher-order expectations (alternative); condition on Uncertainty 1.261 1.291 0.708
allowing respondents to choose “do not know” N. obs 113 105
No “do not know” option (baseline) vs. “do not know option” Mean 2.675 2.505 0.370
(alternative), condition on first-order expectations elicited St.dev. 1.771 1.815 0.718
before higher-order expectations Uncertainty 1.171 1.261 0.176
N. obs 475 113
No “do not know” option (baseline) vs. “do not know option” Mean 2.538 2.586 0.809
(alternative), condition on first-order expectations elicited St.dev. 1.717 1.840 0.342
after higher-order expectations Uncertainty 1.153 1.291 0.025
N. obs 475 105

Notes: Using a fresh draw of firms (=1,000 firms) in a subsequent wave in 2020, we randomize the ordering of questions to test whether
the ordering matters for the responses of firm managers. A randomly chosen half of firms (=500 firms) is asked about their first-order
expectations and then about higher-order expectations. The other half is asked about their higher-order expectations and then about first-
order expectations. We find that the ordering does not matter. We compare the implied means or uncertainty across orderings. As a part
of this experiment, we administer another treatment to approximately 100 firms (randomly chosen) in each treatment arm. Specifically,
these 100 firms are allowed to choose “do not know/prefer not to answer”. We compare the implied means or uncertainty across firms
that have the option of “do not know/prefer not to answer” and firms that do not have this option. In short, first, we randomize over: i)
first-order expectations elicited before higher-order expectations (baseline); i) first-order expectations elicited after higher-order
expectations (alternative). Second, we randomize over: i) respondents are not allowed to choose “do not know” (baseline); ii)
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respondents are allowed to choose “do not know” (alternative). The last column of the table shows p-value of equality for mean or
standard deviations. Mean and St.dev. report mean and standard deviation for mean expected inflation implied by the reported probability
distribution for future inflation. The test for Mean tests equality of means across treatment groups. The test for Sz.dev. tests equality of
variances across treatment groups. Uncertainty is measured as the standard deviation implied by the reported probability distribution for
future inflation. The test for Uncertainty tests equality of mean uncertainty across treatment groups. Panel A reports results for first-
order expectations. Panel B reports results for higher-order expectations.
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Appendix B:
Response to Information by Level-k
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Our discussion in section III assumes that firms perform infinite iterations of the optimal pricing function. That is, firms
are capable of infinite degrees of reasoning, an assumption which models of level-k thinking challenge. To make our model
of expectations consistent with level-k thinking, we revise the optimal pricing equation in equation (10) such that firm i
will weigh the public and private signals according to

3 vk, ar[[1—6r+1]y+6r+1xi]
pi(k) = >

where k is the firm’s type. We allow firms to fall into one of three different thinking types such that k = 0,1,2. A level-0

(B1)

firm will have pricing strategies in equation (11) with ¢, o = § and ¢, =1 —§. These strategies ignore the strategic
complementarity in prices and rely only on the relative precision of the public and private signals. One can show that the
strategies for level-1 and level-2 firms will shift weight towards the public signal; that is, ¢, o > ¢x1 > ¢y, and ¢, o <

o 1+ad+-+(ad)k

¢y,1 < ¢y,2 as ¢x,k =0—————and ¢y,k =1- ¢x,k-

1+a++ak

The aggregate price-level will then be a weighted average of the pricing behavior of each type of firm

P = Yo wikp(k) (B2)
where wy, is the proportion of firms thinking at level-k and ﬁ = Prrm+ by iy -

Heterogeneity in strategies means that firms must consider the distribution of types in forming their expectations.
Our data on the expectations of firms about the distribution of other types suggests that firms assign the greatest weight to
firms of their own type. For simplicity, we model that all firms behave as if all firms are of their own type.

Level-0 firms will form expectations of the aggregate price level

Eio[p] = proxi + (1 = dx0)y = 8x; + (1 = 8)y. (B3a)
Just as these firms do not iterate expectations in the price-setting equation, they do not iterate on expectations of the price
level. Namely, they fail to substitute their expectation of m into equation (B2).

Level-1 and level-2 firms are capable of iterating their expectation of the price level. Accordingly, their first-order

expectations are:

E;1[p]l = ¢x10x; + (1 - ¢x,15)y (B3b)
Ei2[p]l = ¢y 20x; + (1 - ¢x,25)y (B3¢)
The aggregate expectation for each type is therefore:

Eo[P] = dxom + (1= dyo)y (B4a)
E1[P] = dx16m + (1 — y168)y (B4b)
E3[P] = dx26m + (1 — by 26)y (B4c)

Aggregating across types and firms gives:
E[p] = Zi=o 0k Ex[P] = (0o (1 = prp + ¢x8)m + (1 = (wo(1 = 8) o + $x8) )y, (B3)

where ¢, = Y2_, wy ¢ k- Because by definition level-0 and level-1 firms are unable to iterate expectations past their first-

order expectation, their higher-order expectation is the same as their first-order expectation:
Eso [EB)] = proxi + (1= dro)y = 6x; + (1 - 8)y, (B6a)
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ll[E ] = @1 Eilm] + (1 — ¢y 1)y = Pp10x; + (1 ¢x,15))’- (B6b)

Unlike level-0 and level-1 firms, level-2 firms will be able to iterate their expectations for a second time, substituting

E;[m] = 6x; + (1 — &)y:

Eyz [EB)] = b 28Eilm] + (1= 2,28)y = 226%x; + (1 = $5,262)y. (Be)
The aggregate higher-order expectations for each type are:
Eo[ 1= dxom+ (1= bro)y (B7a)
El[ ]= ¢x15m+(1_¢x15)y (B7b)
B, (] = §r28%m + (1 - 64267y (B70)

The average higher-order expectation is then:

E'[p] = X2_o wiEe[P).

The cross-sectional disagreement for first-order and higher-order beliefs is given by:

Var(E[plly] = (wo(l = 6)pro + Bx8) 5", (B8)

Var[E[EBIIY] = (Zhoo 0xdrd") K, (B9)
while uncertainty is given as a weighted sum of the uncertainty of each type of agent:

Qg o1y = Yr=0 Wilg, [plly) = (w0¢x0 + w1(¢x 15) + Wy (¢x 25) )Kx ) (B10)

Y etp1)y) = Zk=0 xYg,[sip1]y) = Zi=0 (8" " (BID

The relationship between disagreement and uncertainty is ambiguous. Expanding on equations (B8) and (B10) gives
Var[Ei[plly] — Qg 511
= {[wo(wo = Dpyo + w1(w; — 1)y 16 + wy(wy — 1)¢x,25]
+ 2[wow1¢x,o¢x,15 + WoWzPx 0Px20 + w1w2¢x,1¢x,252]}’€;1
The first set of square brackets is unambiguously negative. The second set of square brackets is unambiguously positive,
but the sign of the sum is uncertain and depends on several parameters. A similar result obtains for higher-order

expectations:

+ 2[w0w1¢x 0Px, 16+ w0w2¢xo¢x25 + wiwy Py, 1¢x25 ]

Var|E[Ep]]ly] - Qg 211y} = {[Z Wi (W — Dy 8"

Using our data on the distribution of k, we assign wy = 0.362, w; = 0.213, and w, = 0.424. Given these values and our
estimated value of @ = 0.7, the disagreement and uncertainty terms will change only with the value of §, which is used to
calculate ¢, o, ¢ 1, and ¢, , and is bounded between 0 and 1. For any value in this range, disagreement and uncertainty
are similar for both first-and higher-order expectations.

As section III.B outlines, managers can transform signals about the average first-order and higher-order inflation
expectation (signals B and C) into signals about m. Signal B, in Equation (19), will be differently perceived by managers
at different k levels.

Spo = Hgom+¢p = dyrom + &5 (B12a)
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Spp =Hpim+&p = ¢y 16m+&p (B12b)

$p2 = Hpom+$p = by 20m + 5 (Bl2c)
Note that the interpretation of signals may be incorrect because agents’ perception of the data generating process (DGP)
may deviate from the actual DGP. For example, for level-0 firms perception of DGP is given by equation (B3a) while actual
DGP is given by equation (B2). Indeed, only agents with the highest k have the correct perception. As a result, although
agents believe they should interpret signals as in equations (BS), the effective signals are different. For level-0 firms:

$80 = (Wo(1 = 8) 0 + Px8)m + (1 = (wo(1 = O)pro + $x8))y + &5 — (1 — dxo)y
= ¢pyom+ ((wo — Dpyo+ 6(wi¢y1 + w2¢x,2)) (m—y)+<p

= ¢xom+$po (B12a’)
where {?B,O = ((a)o —Dpyo + 5(w1¢x,1 + w2¢x,2)) (m —y) + &g. Thus, level-0 firms interpret {?3,0 as uncorrelated
noise, but in fact the “noise” is correlated with fundamental m and public signal y. This interpretation of the signal means
that, in the long run, level-0 firms may be overconfident in their expectations because Var(gg B,O) > Var(¢g) and, relatedly,
these firms may have more disagreement because they may overreact to the perceived signals.

Likewise, for level-1 and level-2 firms:

Sp1 =Hpim+&p1 = dpr10m+Ep, (B12b%)

Sp2 = Hpim+8p1 = ¢ a0m + &g, (B12¢7)
where €51 = (Wohx0 + (Px — Px,1)8)(m —y) + &g and &g, = (WoPx0 + (D, — Px2)8) (M —¥) + &5,

For each group, we can then show:

-1
E[g*[m] = (—KB ) Ef"[m] + Pg 35, (B13a)

K§1+(¢)x'0)25k_1

Post _ Kg' P o
E ™ [ml = <K§1+(¢xi o ) EPTem] + PS5 (B13b)

Postr 1 _ Kg' P .

where the coefficient on the prior corresponds to (1 — PH) in equation (23). Because ¢, , < ¢, 1 < ¢, we can predict
that the weight on the prior increases in level of thinking k.

Combining equations (B3), (B6) and (B13) gives:

- I_? (¢xo)z5’€_1 ) 1- ¢x,0] ( kgt ) Pre 1_7 x,0 o
pPost _ (— S — 7 L P
i,0 i,0 E[p] Do B,05B,0

E[ﬁ] B K§1+(¢x,o)25’€_1 1= Y K§1+(d>x,o)z6rc‘1
EPost [ D ] — ( (218) 8 ) 1—¢y16 ( kgt ) Pre p + ¢x,15] p. s
2 Em T Grremeyeri) 11— dnisl? T \Gi@nayect) Bt |Em| T lpns) oS
[ 5 ] (¢x25)25;c_1 1- ¢x,16 Kt P 5 ¢x,26 -
E-POSt__ :(— )[ _ +( B )E‘Te__ + P g
b2 E[p] K§1+(¢x,25)25’€_1 (1 — §(woe(1 - 5)¢x,0 + ¢x6)) Y K§1+(¢x,25)251€_1 11 E[p] ¢x,262 B,2°B,2

Note that the difference in weight on priors across k is largely governed by variation in Hp ; across k. Given our parameter
estimates for a and § as well as the distribution of types, we find that ¢, o =~ 0.80, ¢, ,6 = 0.59, ¢, ~ 0.55. Thus,

while the model predicts differentiated responses to signals across k, the differences could be rather small.
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We can derive similar expressions for signal C, which gives firms the average higher-order expectations. Because firms

incorrectly perceive the DGP, signals must be translated into the effective signals:

Sco=Hcom+éco = prom+Ecpo (B14a’)
Sca1 =Heam+&cq = Px1m + ey (B14b”)
Sco=Heom+Ec, = ¢ra6?m+&c, (B14c’)

where gc,o = [(1 — wo)Pyo + WPy 16 + w2¢x,252](y -m)+¢&, 56,1 = [wo¢x,o + (11— w)py16 + w2¢x,252](3’ -
m) + &c,and &c, = [w0¢x,o + w1y16+ (1 — w2)¢x,252](y -m) +¢&c.

Firms then update their expectations of the fundamental according to:

Kkt -

Post _ Kt P x
Ei7*[m] = <Wi6)26k‘1> E;™[m] + Pc18ca (B15b)

Post — Kt P s
B8 m) = (g ) B + Pease 159

Equations (B15a) and (B15b) imply that, provided kg = K, the weight on priors for level-0 and level-1 firms is the same
when firms are presented with signals B and C because these firms cannot perform a second iteration on expectations.

Combining equations (B3), (B6) and (B15) gives:

o™ [Ez[?ﬁ]]Z(kc(?(cgisk;‘l) [hiiﬂ (W) lpge[ 5]] [(pxo]P‘”’s“

Post p — ( (¢x.15)25’f_1 ) 1- ¢x,16 ( Kc Pre ¢x,16] o
o [F[ﬁl] - (G- gl + (g [y Peases

EPost [_5 ]=< (¢x26%) 8% >[1_¢x,28]y+< ke )EPre [_5 ]
COLER \it + (9002) 011 1L = 82877 it 4 (,,6%) 001 LEID]
¢x2

bx,26°

Given our parameter estimates for @ and § as well as the distribution of types, we find that ¢, o = 0.80, ¢, 16 ~ 0.59,¢,,6% ~

+ ]Pczscz

0.44. These estimates determine the difference in the weight given to priors across k.

Firms in Group D receive both signals. If the noise terms in both signals are uncorrelated

Efe™ (m) = (1= PoicHp)EY™ (m) + Po i k. (B16)
where Hp o = [bx0 Dxol’, Hp, = [$x16  Px16], Hp, = [¢x,25 ¢x,262]la Rp = diag{;c,}l,lcgl}, and Ppy =
81 Hpy i (Rp + 81~ Hp i Hp )™

All thinking types are able to correctly process Signal E, which contains an estimate of past inflation. Intuitively,

signal E provides direct information about the fundamental and updating beliefs does not require thinking about the behavior

of other agents in the economy. We therefore do not expect to see any difference between responses to this signal across k.
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Appendix C:
Extension of the basic noisy-
information model:
Semi-public signal
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A. Setup

As in equation (2), we assume that managers set prices as a linear combination of their expectations of the aggregate price
level and a fundamental:

pi = (1 — @)E[m] + ak;[p] (C.1)
In contrast to the basic noisy-information model, we allow managers to observe two signals with idiosyncratic noise, a
private signal x; and a semi-public signal y;:

Xp=m+v;, (C2)

Yi=ytvi,=m+e+v,. (C3)
with v; 1 ~ N(0,k51), € ~ N(O, K;l), and v;; ~ N(0,k;1). The optimal price level is set as a sum of iteratively higher-

order expectations of m as in section III:

_ —2
pi = (1 — a)E;[m] + a(1 — @)E; [E[m]] + a?(1— a)E; [E [m]] + - (C.4)
Manger i’s expectation of m is given by:
El[m] = (1 - 5')%‘ + 6’Xi (CS)
where §' = % = H’:—"M represents the relative precision of the private signal. The aggregate expectation of m is then
xTKyTKz
Efml=01-8)y+é6m (C.6)

In forming higher-order expectations about m, managers substitute in their expectations of both m and y. Because managers
receive only one signal about y diluted by Gaussian noise, a manager’s best expectation of the public signal is his own semi-
public signal. That is, E;[y] = y;. The mangers expectation about the average expectation of other managers in the

economy is therefore:

Ei E [m]] = (1 - Sl)yi + SIEL' [m] = (1 - 5’2)3’1‘ + Slle'. (C7)
One can obtain progressively higher-order expectations of m by continuing to substitute E;[m] for m and y; for y to find:
[k _ —k-1
Ei E [m]] = (1 - 6’k 1)yi + Sk_lEl‘ [E [m]] = (1 - 6’k)yl‘ + S'kxl-. (Cg)
We can substitute this into equation (C.4) to find the optimal price as a function of the private and semi-public signals.
p=(1- @) Eioa|[1— 8" ]y + 6" x]. (C.9)
It follows that every agent sets the optimal price at:
pi = dyy + dixi, (C.10)
where ¢, = % and ¢, = (I_S(;,—C:)(i_&,). Note that the structure of the problem is identical to the structure we

have for the basic noisy-information model. The only difference is that for the semi-public signal version of the model we

have &' and in the basic noisy-information model we have &. Therefore:

- 1 l l

P = [, pjd] = ¢yy + dppm (C.11)
A manager’s optimal expectation of this is:

Eilp] = yyi + o1 (1 =8y +8'x;) = (1 — 18 )yi + pr8'x; (C.12)
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Aggregating across agents gives the average expectation about the price level:

E[pl = ¢py + pr((1 =8y +8'm) =m+ (1 — ¢38)e (C.13)
The manager’s higher-order expectation is then given by:

E [E]] = dyyi + ¢ (1= 8y + 8%x;) = (1 — 18" )y; + ¢ x; (C.14)
and the average higher-order expectation is:

—2

E'[pl=(1-¢8)y+ s m=m+(1-¢s6%)e (C.15)
Because y is a common component of y;, € does not contribute to cross-sectional disagreement:

Var[Ei[plly] = (1 — 2821z + (¢28") x5 (C.16)

_ 2
Var|BERIY]] = (1 - $6"°) wzt + (p46™°) wz? (C.17)

Uncertainty will incorporate uncertainty about both m and y. While y is shared across agents, it is unknown to the individual

because the semi-public signal includes idiosyncratic noise:
QIEBy] = (1 - $1802 + (948%™ + (1(1 = 89) 5, (€18)
0 [ [EB) ] = (1 - 046" w7t + (946"%) iz + (936'(1 = 89) 5. (C.19)
This implies that uncertainty is higher than disagreement, the opposite of what is observed in the data. Therefore, adding a

semi-public signal does not explain the disparity between cross-sectional disagreement and uncertainty observed in the data

Note that because E;[p] and E; [E[ﬁ]] have different loadings on y; and x; (two sources of cross-sectional

variation), E;[p] and E; [E[ﬁ]] are not perfectly correlated, which contrasts with the basic noisy-information model.

B. Response to information.
Including a semi-public signal introduces the realization of the public signal noise, &, to the state space. Managers form

expectations about the price level and the aggregate belief of the price level according to:

Ei [E[ﬁ]] B [1 (1—¢L8" Ei [e] (C.18)
Denote
Ul (1 -5 ]
Us ] [1 (1—¢xd") (C.19)
Manager i’s priors about the state space are formed as combinations of the private and semi-public signals.
pre[m] _ [0'x; + (1 — 6’)yi] 18 (=81
L= Mo = TG a0

with a priori uncertainty conditional on a realization of the public signal, y formed according to:

w = [V wz] _ {[Em[m] - [Em[m] —m]’}

(Y3 Yy EPee] —e Il EP"¢[e] — ¢

B (1- 6’)(14-,2 + s) + 6’171-,1] 1- 6’)(171-,2 + e) + S’Vill]l
5’(171-,2 +e&— Vi,1) 5'(17i,2 +te— Vi,1)
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_[(1 82k + 68kt (1— 688"kt + 6%kt

(C.21
(1-6)8"Kk;1 + 68"k -1 8"kt + k1) )
Signals come of the form:
m
s—H[E]+§ (C.22)
Manager’s update their expectations about the state space as a mixture of the signal and their priors:
m m
EPost [E] = (I — PH)EP"® [S] + Ps (C.23)
Manager’s posterior first-order and higher-order expectations are therefore
Post _ﬁ — F. _ﬁ ] — _ Pre m
E! [E[ﬁ]] E; [E[ﬁ] Y(I — PH)E! [S] +YPs (C.24)

C. Econometric specification

To better understand the structure of equation (C.24) and its econometric implementation, consider the case of one signal
in s. In this case, H is a 1 X 2 matrix: H = [h; h,].>* The Kalman gain is a 2 X 1 vector and the variance-covariance

matrix is a single variance term Kz = kg 1. Hence,

p= [pl] _ WH [hﬂbl + hzll’z]
Pl xkg*+HYH  Alhys + hyyy

where A = Ks_l + hlll)l + hth(IIJZ + l/)3) + h%l/);l_
Hence we can re-write equation (C.24) as

EPost [_ﬁ ] -Y [1 —pihi —pihy
' E[p] —p2hi 1—=pzh,

_ iy[ + hyhotps + h3Y, _h1h2¢1 h3,
—h%p3 — hyhyipy Y+ hyhopy + Ry,

2 — [—
— Al'Y‘{K.S—II n [ h1?21/)3 + h3y, hihyyy Zzwz]}Eipre [m] +YPs
—hiys — hihyyp,  hihyp, + hiy, €

_ —Ks tygPre [ ] n iy[ h1?2¢3 +h3p,  —hihypy — h5Y,
A € —h%p3 — hyhypy  hyhyp, + hiy,

7 hih h? —hih h
1KS—1ELPre[_p ]]+%Y[ 1haps + h3p, 1hatpy — W3,

(C.25)

] gfre 7] +xps

] gfre ] + Yps

]Epre[g]+YPs

]E”e[ | +ps

A E[p his —hihopy,  hiho, + Wiy,
_ 1 _1pPre p
=aks ki [F[ﬁ]]

1 [U1h1h2¢3 +v1h3y — v hEYs — vohihothy  —vi Ry Ry — V1R, +Ushihot, + Uzh%lpl] Pre [m]
Mvshyhotps + v3h5Y, — vahiYs — vsh by, —vshihoy — sh5Y, + ughi by, + v hfy, €

+YPs (C.26)
Similar to equation (23) for the basic noisy-information model, equation (C.26) relates posterior beliefs on p to
prior beliefs on p, public signal y and the new information in the signal provided in a treatment (s). The coefficient on the

prior beliefs is governed by the gain of the Kalman filter. At the same time, equation (C.26) features new terms that depend

24 Below we show later what value H takes in our signals.
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on the pre-treatment beliefs on fundamentals Ef"¢[¢] and E/"[m]. Because we do not observe these terms and Ef"¢[¢] and
EP®[m)] are all correlated with E/"¢[p] and Ef"® [E [ﬁ]], we may have biased estimates of the slope coefficient on prior
beliefs about p when we regress posterior beliefs on prior beliefs and a constant (equation (1) in the paper).

In what follows, we sign and quantify these potential biases. We consider first signal B (that is, we provide firms

with information on Ef"¢[p]) and then we consider signal C (that is, we provide firms with information on EF5*[E[p]]).

Signal B

Given equation (C.12), we can show that by = 1 and h, = (1 — ¢,5"). Note also that v; = vz = 1. Given the expressions
for v, and v, in Equation (C.19)

Ba1 = vshy btz + vsh3hs — vhfhs — vahyhothy = (hy — )3 + hy(hy — vy = 0 (C.27)

By = —vzhihyy — vsh3, + vshihyy + vahfhy = (Ug — h)Wy + By (Us — hp)p, = 0 (C.28)

Hence, the relationship between Ef°*[E[p]] and E{"[E[p]] in equation (C.26) is not biased.

One can also show that

B11 = v1hihoths + v1h5Y, — VR Y3 — vahy oy = (hy — V)3 + hy(hy —v2) Y,

= ¢y (1 =83 + (1 — P36 )Py] >0 (C.29)
Bis = —vihihothy — v1h5Y, 4+ Uahihythy + vhiY; = (U2 — KoYy + hy (U2 — Ao,
==y (1 =8y + (1 — ¢px6)P,] <0 (C.30)

Equation (C.20) shows that both EF"¢[m] and E}"¢[<] are composed of signals x; and y;. We can therefore

construct the omitted term as omitted terms due to x; and due to y;:
0P = %[5'(311 — B1o)lx; (C.31)
Oi(BZ;FO) = %[311 —8'(B11 — B12)lyi (C.32)
From Equation (C.20), we see that
Cov (Eipre [p], Oi(Bl;FO)) = % [¢9'45'2(Bl1 - B12)]K;1 >0
Cov (EFT[p], 0" ) = 2 (1 = ¢38)[Byy — ' (Byy — Bl S 0
The bias due to private signal terms, x;, is

(B:FO) _ Cov(Eipre[ﬁ].Oi(Bl'FO))

bias; = var 5P 1o7) >0
The bias due to private signal terms, x;, is
P _ ~(B2,FO)

bias"T? = oL L0 ") S0

Var(EiPre[ﬁ])
The overall bias may then go in either direction:
bias®FO = biasBFO + biasF0 <0

Signal C
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Given Equation (C.14), we can show that h; = 1 and h, = (1 ) ’2). Using the values of v4, v,, v3 and v, given in
Equation (C.19), we can show:

By1 = U1 hihyz + v1h3, — vhiYs — vohihotpy = (hy — V) P3 + hy(hy — V)Y,

= ¢n(1—8")[ths + (1 — s8] > 0 (C.33)
Bi, = —U1hyhytpy — v1h3Y, + vahihotp, 4+ vohiY; = (v, — hy) Yy + hy (v, — Ky,
= —pp(1 =8y + (1= ¢y )] < 0 (C.34)
Using the logic outlined in the discussion of Signal B, we can characterize the omission in terms of omitted terms due to x;
and due to y;:
0{ = 115 (By, - Byy)]x, (C.35)
0{# = 2 [Byy — 8" (Byy — Bi2)1yi (C.36)

Using equation (C.20), we see that
Cov (EF™[p), 0{") = 1 [¢46"*(B11 — Bi)]icz? > 0
Cov (Epre[ 0], O(CZ FO)) (1 ¢x6)[B11 = 8'(B11 — Byl ' S 0

The bias due to private signal terms, x;, is

biasEFO = Cov(EiPre[E[ﬁ]]_oi(cLFO))
las; = VaT(EiPre[ﬁ])

>0

The bias due to semi-public signal terms, x;, is

hiasCFO = Cov(EiPre E [ﬁ]],Oi(CZ'FO))
TG

s0
The overall bias may then go in either direction:
bias®fO = bias{FO + bias§FO S0
The bias in the regression of higher-order posteriors in priors can be outlined similarly:

By1 = vshyhytps + v3h3, — v4h3hs — vshi by, = (hy — vz + hy(hy — v )Y,

= 58" (1= 8)[ths + (1 — ¢p8"*)hy] > 0 (C37)
Baz = —vshihopy — vzh3, + vahihy, + vshith = (Vg — ha) s + hy (Vs — ha)Y,
= —¢;8' (1= 8)[thy + (1 — 938" H)p,] < 0 (C.38)
Using the logic outlined in the discussion of Signal B, we can characterize the omission in terms of omitted terms due to x;
and due to y;:
0{ = 15" (Byy - Byp)Ixi (C.39)
Oi(CZ;FO) = % [B21 — 6'(By1 — B22)ly; (C.40)

From Equation (C.20), we see that
Cov (Eipre[E[ﬁ]] 0" HO)) [ x6,3(321 Bzz)]Kx >0
Cov (Eipre[E_'[ ] O(CZ HO)) ( ¢x5'2) [By1 — 6" (B2 — Bzz)]’fz_1 s0
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The bias due to private signal terms, x;, is

(c:HO) __ Co (Ei””[g[ﬁ]]_oi(CLHO))
' - var(E["¢[p])

bias >0

The bias due to semi-public signal terms, x;, is

piqs €:HO) — Cov(ELIEPIL0/ 1)
: B var(Ef[p])

sO0

The overall bias may then go in either direction:

bias®HO = bias{HO + bias§H0 < 0

We conclude that estimating equation (C.26) for signal C generally yields biased estimates. Although we cannot

identify the model parameters from the moments collected in the survey, we experimented with various calibrations of the

model and we found that biases are generally small.
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Appendix D:
Extension of the basic noisy-
information model:
Heterogenous long-run priors
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A. Setup
As in equation (2), we allow managers to set prices as a linear combination of their expectations of the aggregate price level
and a fundamental:
pi = (1 — @)E;[m] + aE{[p] (D.1)
Following Patton and Timmermann (2010), we allow expectations of the aggregate price level to be skewed by the
manager’s “long-run” prior, y;:
E{[p] = wp; + (1 — 0)Ei[P] = wp; + (1 — w)(1 — @)E;[E[m]] + (1 — w)aE[E[p]] (D.2)

Var(E;[p])

where y; ~ N (ﬂ, Ky 1), ® = ED’ and y? > 0 is a parameter measuring the extent to which the managers prefer

their own “long-run” priors. y? = 0 means that the manager forms his entire expectation based on information contained
in signals y and x.

The average expectation is:

Epl =wia+ (1 —w)(1 - a)E?[m] + (1 — w)aE?[p] (D.3)
and, given the skew towards the “long-run” prior, the individual higher-order expectation is:
E[E[p]] = wE[A] + (1 - 0)(1 — )E[E*[m]] + (1 — w)aE; [E*[P]] (D.4)

Note that, by assumption, managers directly skew only their own (first-order) expectation of the price level and do not skew
higher-order expectations. Following the same logic, we find further higher-order expectations:
E*[p] = wE[a] + (1 — 0)(1 — )E*[m] + (1 — w)aE?[p] (D.5)
E[E?[P]] = wE[E[A]] + (1 — 0)(1 — )E[E*[m]] + (1 — w)ak;[E>[p]] (D.6)
The price is set as:
p; = (1 — @)E;[m] + awp; + a(1 — w)(1 — a)E;[E[m]] + a®(1 — w)E;[E[p]]
= (1 - a)E;[m] + awy; + a(1 — 0)(1 — a)E;[E[m]]
+a?(1 — w)wE[i] + a*(1 — 0)?(1 — a)E;[E?[m]] + a®>(1 — w)?*wE;[E[a]]
+a*(1 - 0)3(1 — )E[E3[m]] + a*(1 — w)3E;[E3[p]] + - (D.7)
We can rewrite equation (D.7) as:
pi = awpy + aw Tfo a1 (1 - w)**1E; [E¥ (]
+(1—a) T a1 — w)*[(1 - 651 )y + §%*1x] (D.8)
To make progress, we need to impose some structure on E; [E k[ﬂ]]. The optimal price depends on the individual’s
expectations of the average prior, ii. We allow this mean to be unknown, but let each manager observe a private signal of
the mean: ¢; ~ N(f1, k¢ 1). We assume that the manager’s own “long-run” prior skews his view of the aggregate prior (this

assumption extends the effect of priors into higher-order expectations):

Eilg]l = o'y + (1 — w')g; (D.9)
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-1
g

where 0’ = — and (y")? > 0 is a parameter measuring the extent to which the managers prefer their own “long-run”

rn2+rt

priors when he is forming beliefs about /.

The average value of expectation E;[] in equation (D.9) is E[f] = . Therefore, E;[E[i]] = w'p; + (1 — 0')g;

and E?[j1] = ji. By using repeated substitutions, we find that the expectation for all orders of expectations of the aggregate

prior are the same, i.e. E*[j1] = ji for any k. Using this insight, we find that the optimal price formula can be written as:

pi = awp; + aw TiLo a1 (1 — ) (o' + (1 - "))
+(1 - ) Toeak(1 — w)¥[(1 - 6%*1)y + 6% +1x]
We can further rewrite this equation in terms of strategies:

Di = Qulti + DS + dyxi + By

where
¢y = aw [1 + % ']
¢ = aw [% 1- a)’)]
Px = 1—11(;(_10:)@
(1-a) §(1-a)

¢y = 1-a(l-w) 1-adé(l-w)

To simplify notation, define

_ _ aw
0= d)l‘ + ¢g‘ T 1-a(1-w)
Note that
_ _ (-
1=0=dct by =100y

If long-priors priors don’t matter, w = 0, " =0, 6 = 0.
Given equation (D.11), the aggregate price level is:
p=0f+dm+yy.
The expectations are formed accordingly (with the weight assigned to the “long-run” prior):
Ei[p] = wp; + (1 — )[OE;[a] + (1 — )E;(m)]
= wp; + (1 — w)[OE;[a] + ¢6x; + ((1 — ¢, 6) — 0)y]
= (0 + (1 =~ 0)0w ) + (1= )61 = 0)g; + (1 = @) [p6x; + (1 = ¢8) — 6)y]
The average expected price is:
E[p] = (0 + (1 = )0+ (1 — w)[pxSm + (1 — $x8) — 6)y]
Manager i then expects other managers to believe:
E[E[P]] = (0 + (1 = @O)E [ + (1 — @)[§SE;[m] + ((1 — $28) — 6)y]
=(w+(A-wdo't+(w+(1-w)d)(A—-w)g
+(1 = w)[¢x6%x; + (1 = ¢6%) — 6)y]

The average higher-order expectation is

(D.10)

(D.11)

(D.12)
(D.13)
(D.14)

(D.15)

(D.16)

(D.17)

(D.18)

(D.19)

(D.20)

(D.21)
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E*[pl=(w+ (1 - w)®)ia+ (1 — 0)[¢p6?m+ ((1 — $6%) — 6)y] (D.22)
Note that the basic noisy-information model is nested in this when w = 0.

Difference in average higher-order and first-order expectations is given by:

E*[p] — E[p] = (1 = 0)x6(1 = 8)(y —m) > 0 (D.23)

Using equations (D.19)-(D.22), we can find expressions for cross-sectional disagreement and for forecast uncertainty.
Var[E[p]] = (@ + (1 — )00 )it + ((1 — 0)8(1 — ) k7 + (1 — 0)2($ed)?izt  (D.24)

Var [EL- [F[ﬁ]]] =((w+1- a))e)a)’)zkﬁl +((w+ (1 —w)o)(1 - w’))zkc‘l

+(1 — w)?(Ppy62) %kt (D.25)
Qe = (1= )81 — @) k5 + (1 — )% (6:8) k" (D.26)
Qi = (@ + (1= @01 — 0)) Kk + (1 — )2 (9267215 (D.27)

While deriving expressions for uncertainty in equations (D.26) and (D.27), we assume that each manager knows his own
“long-run” prior with certainty and is not considering that his “long-run” prior differs from the aggregate prior.

Note that, unlike the basic noisy-information model where uncertainty about higher-order expectations is always
lower than uncertainty in first-order expectations, the “long-run” prior modification of the basic model does not make a
clear prediction, that is, the difference in uncertainty for higher- and first-order expectations is ambiguous and depends on

parameter values (in particular on relative magnitudes of Land k3 t):

Qs — Loy = @ ((@ + (1= @)8) + (1 = 0)))] (1 — )21t + (1 = w)2($x8)2(6% — D™,
But in any case, the model is capable of reproducing fact 4. In a similar spirit, the model is capable of reproducing fact 3.
To derive the slope for the regression of higher-order expectations on first-order expectations, we use equation

(D.19) and (D.21):

poLS — cov(E;[p], E;[E[p]]

var (E;[p])
(w+ (- w)w)((w+ (1 - w)®)w k' + (1 — w)f(w + (1 — 0)0)(1 — ) )k + (1 — w)? (P26 Kz
- (@ + (1 — 00wz + (1 — )81 — ) Kt + (1 — w)2(¢y8) 205t

One can then show that
(w+ (1 - o) ((w+(1-wdo -1t + (1 - 0)*(1-w)b((w+ (1 —wb) —1)k:?
+(1 = w)*(@£62)(6 — Dryc*

poLS _ 1 =
(@ + (1 — 0002t + (1 — )01 — ) k7t + (1 — )2 ()15

<0

because w, w', 6,6 € [0,1]. Hence, the slope of the regression is less than one, which is consistent with the data.

B. Response to information.

The introduction of priors extends the state space to include . Managers form expectations in the following way:

D (1-w)6 (1— W)y 7 (1-w)(A—¢x—0)
Ei [Ez[?ﬁ]] - [(8] it [a) +(1 (i) w)fd (1-— 0(:))¢x6] E; [#l] + [(1 - a‘)")(l — 5 —0) y (D.28)
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Denote

Y= [ 4] [ (1-w)b (1 - w)opy

w+(1-w)b 1-w)p bl (D.29)

The prior expectations of the state space are:

e [hl=19 Ol + s als)B] (030

The prior uncertainty about the state variables is given by:

w=Ef ((;}[[ } "))] (Bl - (Exlm] - ml} = [ 1/?4]
_[a-ert o (03D
0 5%k

Signals come of the form:
—p[#
s=H [m] +By+¢ (D.32)
Because y is observed by the manager, he can subtract By to form the equivalent signal:

- py[#
§=H [m] +¢& (D.33)
Using this signal, he forms a posterior estimate of the state space.

EPost [51] [l — PH]EP”["]+P5 (D.34)

. . . -1 . . .
where P is the gain from the Kalman filter and is of the form P = WH ’(Kg + HYH ’) , K¢ is the variance-covariance
matrix of the vector of noise terms ¢.
We can substitute the prior and posterior expectations into the equation above to get prior and posterior estimates

of first- and higher-order inflation expectations:

os D ost [ (1_ )( - x_g)
o7 (gt = [ole verex [A] + [ 00 20

(1-w)(A—¢y—6)

1 - )1 ¢85 —0)|” (D.35)

-[ ],ul+Y([I—PH]EPre[ ]+Ps) [

C. Econometric specification
To better understand the structure of equation (D.35) and its econometric implementation, consider the case of one signal
in s. In this case, H is a 1 X 2 matrix: H = [h; h,].?> The Kalman gain is a 2 X 1 vector and the variance-covariance

matrix is a single variance term Kz = kg 1. Hence,

_[P1] _  wHr 1 hiy,
F= [Pl] COKTTHHWH KGRy thy, h21p4] (D.36)

We can write posteriors as follows:

o0s 7 1—p.h —p1h re [ 1 a- x—9)
i R 1 [ B [l A B L OO B 1

25 Below we show later what value H take in our signals.
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1-w)(1—¢x—0)
(1-w)(1— 6 — 9)
_ Wy, +ndy,  [@] K5 EPre
kg 3P +hi, [0]“‘ (x;1+h%w1+h w) [ p]]
1 Yy (v1h3 —vahihy) Py (vhE — vihyhy) Pre [M]
K5 i thive (1, (U3hg — vghihy) 1 (Vahf — v3hihy)

hipi+h3y, [ 1-w)(A—¢x—0) ]
k3 T+h2 +hi, (1 —w)(1—¢,6—0) Y

+YPS +

+YPS +

— ( K5t Pre [ ]
Ks_1+h%¢1+h2¢4 E

hip,+h31, [w] s + 1 Ya(uih3 —vahihy)  P1(vzhi —vihihy) EPre [ﬁ]
K;1+hiw1+h%¢4 0 t Ks_1+h§¢1+h%¢4 1!}4(1}3}7,% - U4h1h2) 1‘[)1(U4h% - U3h1h2) m
~ hipi+h31, (1 - (1))(1 - (Px - 9) ]
YRSt Tz, [(1 — )1 - $.6—6) (D:37)

Similar to equation (23) for the basic noisy-information model, equation (D.37) relates posterior beliefs on p to
prior beliefs on p, public signal y and the new information in the signal provided in a treatment (5). The coefficient on the
prior beliefs is governed by the gain of the Kalman filter. At the same time, equation (D.37) features new terms that depend
on the “long-run” prior y; and pre-treatment beliefs on fundamentals EF"¢[ji] and Ef"¢[m]. Because we do not observe
these terms and Ef"®[j1], EF"¢[m], u; are all correlated with E/"¢[p] and EF"® [E ﬁ]], we may have biased estimates of the
slope coefficient on prior beliefs about p when we regress posterior beliefs on prior beliefs and a constant (equation (1) in
the paper).

In what follows, we sign and quantify these potential biases. We consider first signal B (that is, we provide firms

with information on E{"¢[p]) and then we consider signal C (that is, we provide firms with information on E/**[E[p]]).

Signal B
Given equation (D.20), one can show that in this case hy = w + (1 — w)6 and h, = (1 — w)(¢,6). Given expressions for
U4, ..., Uy in equation (D.29), one can find that
By1 = v3hi —vhihy = (0 + (1 — 0)8)(1 — w)?(96)2 — (1 — w)?¢p28%(w + (1 — w)8) =0 (D.38)
By =v4hf —vzhihy = (1 — w)¢ 6w + (1 — w)0]? — (w + (1 — w)8)*(1 — w)(¢x86) = 0 (D.39)
Hence, the relationship between E[/°*‘[E[p]| and Ef"¢[E[p]] in equation (D.37) is not influenced by
EPTe[ia], EF™®[m)], u; (the coefficient on y; is equal to zero) and the estimated slope is not biased.
One can also show that
Byy = v1h3 — vyhihy = —(1 — 0)2¢28[0(1 — 8)(1 — w) + @] < 0 (D.40)
Bi; = v,h —vhhy, = (1 —w)p(w+ (1 —w)®)[w+ (1 —w)f(1-6)]=0 (D.41)
Because Ef¢[p] is positively correlated with E/"[1] and EF"[m] (see equation (D.19)), the sign of the bias depends on
the relative strength of two opposing forces: omitted E/"®[ji] biases the estimated slope down, while omitted EF"¢[m]

biases the estimated slope up. Also notice that y; is positively correlated with EF¢[] (thus biasing the estimated slope up)
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and EF"¢[j1] (see equation (D.9)), which makes signing the bias a more challenging (in terms of algebra) task. If w = 0,
v h% —vyh h, = 0 and v,h? — v h hy, = 0 and the coefficient on y; is zero so that the estimated slope is unbiased in this
case.

Because signals ¢; and x; and “long-run” prior p; are uncorrelated, we can separate the bias-signing exercise into
two parts: one due to ¢; and y; and one due to x;. Using equation (D.9), one can find that the omitted term due to ¢; and y;

in equation (D.37) is

O(Bl;FO) — [ hiys+h3y, Y4By
i

' Y4By PN
I Rty LR LN kst +hip +h3, @ ] ot K5t +h3Y +h5Y, (1 = @9 (D42)

From equation (D.19), we know that E;[p] loads on ¢; and y; with weights (1 — w)0(1 — ') and (w + (1 — w)Ow")

respectively. Hence, the covariance of E;[p] and Oi(Bl;FO) is

, 2 2
Cov (EiPre [, Oi(Bl’FO)) — [ hip1+hid, o+ Y4By (1)’] (w+ (- (1))9(1)')}6;1

K5 +hiP+hSP, K5t +hip +h3P,

n Y4B1g (1-w)2(1- a))@Kg_l (D.43)

K5 +RIY +hSY,
Given that E;[m] loads on x; with weight §,? the omitted term due to E;[m] is

Ol_(BZJFO) — )1B126 (D.44)

T ks lHh2y, +hip, t
We also know from equation (D.19), that E/"¢[p] loads on x; with weight (1 — w)¢, 6. The covariance of OL-(BZ:FO) and
EFTe[p] is then

. — 2
Cov (EFre[p], 07> ?) = LinCowldal 1 5 (D.45)

ks1+h2P +h3Y, ¥
We use equation (D.19) to compute the cross-sectional variance of Ef¢[p]. By combining equations (D.19) and (D.43),
we compute the bias due to “long-run” priors via y; and ¢;

B:r0) _ Cov(EFT°[pl0{PF)
1 - Var(EiPre[ﬁ])

bias s 0 (D.46)

By combining equations (D.19) and (D.45), we compute the bias due to long-run priors via x;:

B:r0y _ Cov(EFT°[p10{P*F)
2 var(E))

bias >0 (D.47)

Equations (D.46) and (D.47) demonstrate that the sign of the bias depends on parameter values.
Importantly, this analysis suggests that the estimated slope coefficient on the priors in specification (1) for first-

order expectations do not have a one-to-one mapping to the gain of the Kalman filter. Instead, it is the gain plus a bias:

FO _ Kp' . (B:FO) . (B:F0)
slopeg” = (—x§1+h§¢1+h§¢4) + bias; + bias, , (D.48)

which potentially provides with another moment to match. In contrast, the estimated slope coefficient on the priors in

specification (1) for higher-order expectations continues to have a one-to-one mapping to the gain of the Kalman filter:

slopell® = (K—El) (D.49)

kg +hip+h3y,

26 Recall that we do not use y in this context because y is a common signal and so it does not generate cross-sectional variation.
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Signal C
Using equation (D.21), one can show that in this case hy = w + (1 — w)8 and h, = (1 — w)(p,62). Given the logic of the
previous subsection, one can find that

By1 = v3hi —vshihy = (0 + (1= 0)0)(1 — 0)*(¢62)? — (1 — w)?$pZ8*(w + (1 — w)6)

= (1 - 0)2$263w + (1 - 0))(1—8) <0 (D.50)
By, = Ushf —vzhihy = (1 — w)¢,6[w + (1 — 0)0]? — (0 + (1 — 0)0)*(1 — w) (¢ 62)
=(1-w)pbw+(1—w)bl>?(1-6)=0 (D.51)

These results suggest that in contrast to the case of signal B, estimated slope in regression (1) using higher-order expectations
may be biased.
Following the logic of our derivations for signal B, we find that
Bi1 = v h3 —vhhy = —(1 — w)?¢262%[0(1 —62)(1—w) + w] <0 (D.52)
Biy =vh? —vihihy = (1 — w)d(w+ (1 — w)8)[w+ (1 —w)8(1—62)] =0 (D.53)
These results suggest that, for the slope of regression (1) using first-order beliefs, the signs of the biases for signal C are
similar to the signs of the biases for signal B. Again, if w = 0, B;; = 0, B;;, = 0, B,; = 0 and By, = 0 and the coefficient
on y; is zero so that the estimated slope is unbiased in regression (1) using either first-order beliefs or higher-order beliefs.
Note that, for first-order beliefs, the structure of updating for signal C is identical to the structure of updating for
signal B and the differences are only the precision of the signal and slightly different expressions for B;; and B;,. Hence,
the expression for bias(©FO) (i.e., the bias in the regression (1) for signal C using first-order beliefs) is similar to the
expression for biasBFO but we plug in different values of By1, By, Ks. As a result, we can’t sign the bias€F0) without
specifying the parameters.
For the higher-order beliefs, we need to derive new expressions to quantify the bias. One can see that the omitted

term for to ¢; and ; in equation (D.37) for signal C is

(CLHO) _ YaBay o YaBay NS
0; = nzgs ez, Ot Ty g, (LT @S (D.54)

From equation (D.21), we know that Eipre[E[ﬁ]] loads on ¢; and y; with weights (w + (1 — w)0)(1 — w") and
(w + (1 — w)8)w'. Hence, the covariance of E/™® [E [ﬁ]] and Oi(C1;H0) is

Cov (Eipre [E[p]]. Oi(CI;HO)) = %(w’)z(a) +(1— w8t

ks 1+hZp,+h3,

n YaBa1 ” (1-w)2(w+(1- a))@)Kc_l <0 (D.55)
4

K5 1+h21,+h3
Given that E;[m] loads on x; with weight &, the omitted term due to E;[m] is

Oi(CZ;HO) — Y1B328 (D.56)

T ks 1+h3P +hiY, i
We also know from equation (D.21), that E/"® [E [ﬁ]] loads on x; with weight (1 — w)¢,.62. The covariance of OL-(CZ;HO)
and Ef"¢[E[p]] is then
Pre[E1.-1]1 n(BZFO) _ Y1Baa(1—w)$xd® 4
Cov (EFT[E[p]], 0"*"*) = g > 0 (D.57)
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We use equation (D.21) to compute the cross-sectional variance of E{"¢[E[p]]. By combining equations (D.55) and
(D.21), we compute the bias due to long-run priors via y; and ¢;

(C:HO) _ Cov(EiPTe [E[ﬁ]]_oi(CLHO))

N PGS ET)

<0 (D.58)

By combining equations (D.55) and (D.56), we compute the bias due to long-run priors via x;:

re[fzr,~1]1 o(C2;HO)
. (C:HO) _ cov(E"°[EIp]]0f )
bias, = G ) >0 (D.59)
Hence,
bias(¢HO) = biast:HO) + biaséC:HO) S0 (D.60)

While the bias bias(¢H#9) is ambiguous, one can show that the expression for the bias can be simplified to
(1-w)?¢76°(w+ (1 - w)0)*(1-6)

bias(CHO) = —
kg' + iy, + h3,

k(1 - w)?1 - 8Kt — 62((»’)21(;1]

and hence the bias is negative if (w')?6%k, " > (1 — w')*(1 — §*)k;*, that is, the dispersion of the long-run priors (x;;*,

“disagreement”) has to be sufficiently large relative to the dispersion in private signals (k¢ 1 also equal to uncertainty) about

the average value of the about the average value of the long-run bias .

In summary, we know that the estimated slopes for treatment C are biased:

FO _ Kt . (C:FO) | .. (C:FO)

slope:” = (;c51+h§¢1+h§¢4> + bias; + bias, , (D.61)
HO _ Kt :  (C:HO) ;< (C:HO)

slopes® = <K51+h%¢1+h%¢4> + bias; + bias . (D.62)

Analysis of biases in the estimated slopes
This section is aimed to better understand the nature of the biases. To keep the discussion focused, we will omit terms that
are not central to the main points. For example, we can “simplify” equation (D.28) to

E; [EI[;]] = [z; zﬂ E; [T'i] + {other terms} (D.63)

where as in (D.29) we have

v [ 1—-w)b (1 - w)py
v4] - [a) +(1-w)l (1—w)p,s

Y = [z;
We can also write signals B and C as

5 = E[p] + noise = h2 i+ hEm + noise = {w + (1 — 0)0}a + {(1 — w)p,6}m + noise  (D.64)

§c = E%[p] + noise = h§ji + h§m + noise = {w + (1 — w)0}i + {(1 — w)P,6%}m + noise (D.65)
Note that, by taking an average of first-order expectations, signal B effectively aggregates first-order expectations of
managers into a second-order expectation. In a similar spirit, signal C effectively aggregates second-order expectations of

managers into a third-order expectation.

We can also focus on the “bias” terms in equation (D.37):

1 Yahay (U1hy —v2hy)  P1hy (Uahy — Ulhz)] EPre [ﬂ] (D.66)
kst +hiPa+r3Y, [Py hy (Ushy —vghy)  Yihy(Ughy —vshy)l ™t Im '
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Given that v,hy > v1h, and vyh; > v3h,, we know that the first column of the matrix multiplying Ef"® [ 7‘[:1 ] is (weakly)
negative and the second column of the matrix is (weakly) positive. Furthermore, from our discussion above, we know that
v h? = v3h5 for the response of higher-order expectations to signal B. For all other expectations and signals we have strict
inequalities. Inequalities v,h; = v{h, and v4hy = v3h, can be rearranged as 2> % and ~% > % , or in words

U1 1 U3 1

weight of m in FO(HO) expectation p > weig of minsignals

(D.67)

wei  of T in FO(HO) expectationp — weight of [i in signal s
and this weak inequality turns into equality only for the response of higher-order expectations to signal B. More specifically,
equation (D.63) shows that expectations of the price level p are linear combinations of two “fundamentals” i and m with
the corresponding weights v; and v, for first-order (FO) expectations and v; and v, for higher-order (HO) expectations.
The signals in (D.64)-(D.65) are also linear combinations of these two “fundamentals” but the weights on the
“fundamentals” are different. The relative weight on m in expectations of the price level p is weakly greater than the relative
weight on m in the signals. We have the equality of the relative weights only when we have the response of second-order
expectations in response to signal B. To appreciate the significance of this equality, we let K be the factor of proportionality
for the weights (i.e., [V3 Vs] = K[h¥ h5]) and examine whether we can express observed posterior second-order
expectations of p as a function of observed prior second-order expectations of p and signal B:

ElpOSt[E[ﬁ]] = [vz U4]EFPOst [lel] + {other terms}
= K[1S  hE1{(Uaxz — PHEP™ [#_1 | + Ps%} + {other terms}
= KH {(Ixo = PYEP™ [£ |} + KHPS?
= KH(Iyx, — PH)EP™ [* | + KHP3E

= K(H — HPH)EP™ [1’7‘1 + KHP3?

3

3 t:l 3 tll

= K(l,x1 — HP)HE}™ |"" | + KHP3?

= (I;x1 — HP)KHEF™ | " | + KHP35
= (s — HP)[Vs ValEP [# | + KHPS®
= (Ix; — HP)E'™™"|E[p]| + KHP3® (D.68)
This derivation shows that because the observable E; [E [ﬁ]] has the same relative weights on E; [ r‘i ] as the signal B on [ #_1 ],

we can reduce the two-dimensional state-space of E; [ #l ] to one dimension; that is, it is “as if” we can construct a synthetic

state for E; [E’ [ﬁ]] that collapses two state variables in one. Notice that this case applies only when we feed a second-order
expectations (signal B) to second-order expectations. In other cases, we feed a higher-order expectation to measure the
reaction in terms of a lower-order expectations. For example, signal C feeds a third-order expectation to measure the reaction
of first-order expectations E;[p] or second-order expectations E; [E’ [ﬁ]]. In a similar spirit, we have a discrepancy in relative

weights when we feed a second-order expectation (signal B) to measure the response of first-order expectations E;[p].
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What are the consequences of such a discrepancy? Consider e.g. the response of higher-order expectations for signal

C. leen > =2 weexpress [Vs Vs] = K[h§ hS§]+[0 R]=K[h§ hS5]+ R =KH+ RandR > 0 where as before
K is a factor of proportionality. Then we can express the posterior second-order expectation for observable E; [F [ﬁ]] as

EPP[E[P] = v valEPost [£ ] + {other terms)
= (K[n§  h§1+ R} {Upa = PHOEPTE [H] 4 P5€}
= K[h§  h§1{(Uzez = PIDELT" [K] 4+ P5C} 4 R{ (s — PIEFT™" [E] + P3P}
K {H (I = PIDEFT [ B] + HPSC} + R{(Ty0 = PHOEPTE [K] 4+ P57)
= K{ (s = HPYHE™® [# | 4+ HP5C} + R{(Lyp = PYEFT™" ] + P57}
= {Usa = HPYKHE™" [B | + HPSC} + R{ Iy, = PYE!T™" [£] + P}
= {Usa = HPYKH + R = ROE™" [E] + HP5C} 4+ R{ (s, — PIDEL™" [ ] + P57}
{Uia = HPY([vs va] = BB [K] 4+ 1HPSC} + R{(Upp = PHYEP™" [£] + P57}
= {(l1xa — HP)[Vs  V4]EFTE" [“] = (lxy — PHORE[™" [ # ‘] + Hps©)
+R{(12X2 — PH)EPTioT [ ] + Ps?}
= {(1x1 — HPYE[™ " [E[p]] - (151 — PH)RE[™™" [ ] + HPSC} + R{(Ipxp — PH)EFT™" [51 | +Ps?}
)

= (Iixy — HP)EF™ " [E[p]] + {KH + R}IPS¢ + {R(Iox, — PH) — (I;x1 — PH)R}EFT™" [,‘,I,L]

= (I1x1 — HP)EF™ [E[p]] + {KHP + RP}3¢ + {R(I3x; — PH) — (I;x1 — PH)RJEF™™"

3

= (Iix; — HP)EF™ " [E[p]] + {KH + R}P5¢

1_p1hg _plh(z: c c Pri u
+1[0 R — (1 —p;hS —p,hS)[0 RIEFTOT
] e B CRA e U] e ]

= (Iix1 — HP)Ef™"[E[p]] + {KH + R}P3¢
+[R(—P1hg) R(l - pzhg) —R(1 - P1hf — pzh(zf)]EiPrior [M]
= (11><1 - HP)EL,PTioT[E[ﬁ]] + {KH + R}P§ Rp hCEPTlOT[ ] + RpthEPrwr[ ] (D69)

Intuitively, we study the reaction of lower-order expectations (which have a relatively high weight on m) to a signal about

higher-order expectations (which have a lower relative weight on m). Because of these differences in the weights, the
posterior observable E pOSt[ [p]] cannot be expressed only as a function of the prior observable E; rior [E[p]] and signal 3¢

and so regression EipOSt[E [p]] on EFrior [E[p]] and 3¢ is misspecified. Because p(EP”W[ pl], 1], EPTier| [Z]) > 0 and
p(Ef rior [E[p]]. Ef rior [m]) > 0, it follows that the regressor E{ ”W[ pl| is negatively correlated with omitted term

{—Rp,hSEf rior [z]} thus creating a negative bias and positively correlated with omitted term {Rp,h{E} rior [m]} thus
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creating a positive bias. Equation (D.69) makes clear that to have a large negative bias in the estimated slope of specification
(1), one needs large variation in long-run priors y; and/or a large value of Rp; hS. This sign pattern of biases also holds for
the response of first-order expectations to signals B and C.

Intuitively, as we increase the order of expectations, the weight on m is shrinking because, while thinking about the
expectations of others, managers put increasingly more weight on the common public signal y. On the other hand, the
weight on 1 does not shrink because there is no common public signal about the average prior . Hence, as we increase the
order of expectations in signals, signals are increasingly skewed (in relative terms) toward fi. As a result, when we
extrapolate the posterior beliefs for a given order of expectations from the prior beliefs for that order in response to a signal
that measures a higher order of expectations, this extrapolation overstate the contribution due to i and understate the

contribution due to m.

D. Identification and estimation of structural parameters
We have six structural parameters in the model with long-run priors: ky, ky, Ky, K¢, @, w'. In addition, there is strategic

complementarity parameter « that we identify using external data (as in Afrouzi (2018)).

On the other hand, we have four independent moments from the data (equations (D.24)-(D.27)) that we used before
in calibrating the basic noisy-information model: two moments on disagreement Var[E;[p]]| and Var [EL- [E [ﬁ]]], two

moments on uncertainty (g, )y} and Q{Ei[g[ﬂ] 27 In addition, we have now more information in slope coefficients

[y}
estimated in specification (1) for signals B and C: additional moments given by (D.48), (D.49), (D.61), (D.62). At the same
time, we note that using the estimated slopes potentially “consumes” two degrees of freedom since we now need to calibrate
K¢ and kg. We can impose a restriction that kg = K. Also note that equation (D.49) does not bring in an independent
moment in general because it can be expressed as a function of other moments (i.e., we have over-identification here) as
long as there is no bias.

The system is still under-identified (the order condition is not satisfied) and so we need to introduce external
information (more moments) and/or impose additional constraints. For example, we make the following assumption (A1):
y = y'. Additionally, we use data from CGK (another survey), we can identify w from regressing short-term (one-year-
ahead) inflation expectations on long-run (5-year-ahead) inflation expectations, which proxies long-run priors y;. This
regression corresponds to equation (41) in the paper. This regression is valid under the assumption that long-run priors are
not affected by short-run (“business cycle”) fluctuations. This assumption corresponds to the assumption in the model that
long-run priors y; are uncorrelated with other shocks in the model. We find that @ = 0.79. If we had long-run and short-
run higher-order expectations for inflation, we would have been able to recover w’ from the slope coefficient in a similar

regression using higher-order expectations, thus giving us another moment.

77 Cov(E;[p), E;[E[p]]) is not an independent moment because this covariance may be expressed as a product of Var|[E;[p]] — Qg [911y}

and Var [Ei [E [ﬁ]]] ~ Qigi[El) -
100



Since we do not have enough information to identify all structural parameters, we are interested in whether the

noisy-information model with long-run priors can in principle reproduce the patterns observed in the data. Specifically, we

do a moment matching exercises where empirical moments are Var[E,[p]] , Var [EL[E [ﬁ]]], Qe [511y)- ﬁ{Ei[E[ﬁ]]ly}’

slopef? | slopeli®, slopef®, slopef® and the theoretical predictions for these moments are given by (D.23)-(D.27) and
(D.48), (D.49), (D.61), (D.62). We find that if kg = k., the noisy-information model with long-run can qualitatively
reproduce facts 1 through 6 but it will struggle with matching the difference between slopef? ~ slopef° ~ 0.5 and
slopef® ~ slopel® ~ 0.1. In other words, the model can generate slopes? ~ slopef® > slopef® ~ slopef® but the
difference between slopej® and slopef® would be smaller than the difference between slope}© and slope°. This issue
can be fixed if we allow for small difference in the precision of signals B and C, that is, k. # kg. For example, if k; = 2kp
(and we keep assumption (A1)), the model can hit slope}® ~ slopef® ~ 0.5 and slopef° ~ slopef° ~ 0.1. Note that
allowing k. # kp can also help the basic noisy-information model to match slope}® ~ slopel® ~ 0.5 and slopef° ~

slopel9 ~ 0.1, but in this case x, must be an order of magnitude larger than k. Thus, relative to the basic noisy-
information model, the noisy-information model with long-run priors can match the data with modest (rather than radical)

variation in the precision of signals in treatments B and C.
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Appendix E:
Extension of the basic noisy-
information model:
Overconfidence
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In this extension, we allow managers to hold beliefs about signal precision that differ from the truth. In order to generate the
same patterns seen in the data, managers must overestimate the precision of the private signal, k.., as in Daniel, Hirshleifer and
Subrahmanyam (1998).

Specifically, managers continue to receive public and private signals:

Xp=m+v;, (E.1)

y=m+¢ (E.2)
where v;; ~ N(0, ky ,and e ~ N (O, Ky 1). However, we allow them to overestimate the precision of the private signal

. . . . . s E
such that E;[k,] > k,. The manager now overestimates the relative precision of the private signal: § = L] mx

Ky+E[Ky] Ky+iy =
6. His expectation of m is formed as follows:

Eilm] =6éx;+ (1-68)y (E.3)
so that the agent’s perceived level of the fundamental is overly sensitive to the private signal but insufficiently sensitive to

(1-a)s ~ 1-8

the public signal. The pricing strategies follow from the over-precise value of §: ¢, = —03+(13) and ¢, = 3+ (13)

The aggregate price level is therefore

— N .z 7

P = [, pjdj = dyy + pxm. (E4)
Expectations follow in the same manner as in the basic model:

E; [5] = (ﬁxgxi + (1 - (ﬁxg)y (E.5)

except that the price response to the private (public) signal is higher (lower) than in the basic noisy-informational model since

@8 > ¢,.6. Following the logic of section III.A, an individual manager’s higher-order expectation is:
E; [EP]] = $:82x; + (1 — $.82)y. (E.6)
The cross-sectional disagreement in first-order and higher-order expectations depend on the true value of k,, since this

determines the actual distribution of private signals:
Var[E[p]] = (6:6) k5™, (E.7)
var [E[E]]] = ($:62) k. (E.8)
We assume that managers know their own prior with certainty and do not consider the dispersion of priors around the mean.

Thus, their first-order and higher-order uncertainty about the price level takes the form:
~ N2 _
Qgpiyy = (6x6) Eilrex] ™, (E.9)
~ o2 _
Qg ey = ($26%) Eiliex] ™. (E.10)
When agents perceive the private signal as being more precise than the public signal, it follows that Var [E i [ﬁ]] > Q{ Ei[p11y}

and Var [Ei [E [ﬁ]]] > Q{Ei[b_“[ﬁ]]ly}: the uncertainty in beliefs about the price level must be lower than the cross-sectional

dispersion in beliefs as seen in the data.
With respect to information treatments, managers in the basic model should respond to signals according to equation

(23) where prior beliefs are multiplied by (1 — PH) with P being the gain of the filter and H being a coefficient mapping the
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state m into the signal s. As Signals B and C are constructed from aggregate expectations, Hg and H. correspond to the

relative weight that managers assign to their private signal, x;, in forming their first-order and second-order expectations,

K5t

respectively. The coefficient (1 — PH) = et

differs across signals. The structure of the basic model is preserved in

this setting, but with perceived signal precisions (and associated response parameters) in lieu of actual signal precisions.
This continues to yield Hg > H, such that managers should respond more strongly to Signal B (first-order treatment) than
to Signal C (higher-order treatment) which is counterfactual.

However, if one is willing to consider models of overconfidence in which managers mis-ascertain the precisions of
the signals they receive, one might also consider it reasonable for agents to potentially be overconfident about the quality of
the signals introduced in the information experiment. Suppose for example that managers assign more weight to the signal

than the signal fundamentals merit such that the posterior expectations are formed according to:

EiPOSt[E ] [¢y+¢x(1 5)]y+(1 (1+G))PH)EP“[ []] 5¢x]PS (E.10)

where @ > 0 indicates the overweighting of new information towards representative states. If we hold the signal noise 3 *
constant and allow O to vary across signals, we can match the pattern in our data if ® - > @, or if managers distort their beliefs
towards representative states more after observing Signal C than after observing Signal B. This would be broadly consistent
with the diagnostic expectations of Bordalo et al. (2020).

To reconcile the data, this approach requires managers to have differential over-confidence in signals B and C and
thus it resembles the basic noisy-information model in requiring differential precisions for signals B and C, that is, both models
require an extra degree of freedom to rationalize the observed reactions to signals. Data collected in the survey do not permit
us to establish whether varying over-confidence or varying precision is behind the smaller weight on the prior in response to
signal C relative to signal B. Also note that over-confidence alone continues to predict perfect correlation between higher-
order and first-order beliefs because x; continues to be the only source of cross-sectional variation as in the basic noisy-
information model. Consequently, one should introduce a semi-public signal or another device to create an addition source of

cross-sectional variation in beliefs.
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Appendix F:
Sampling Frame and Response
Rate
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Appendix Table F.1: Number of Firms by Sector and Size in NZ, 2016

Number of Firms

6-9 Workers 10-19 Workers 20-49 Workers 50-99 Workers 100+ Workers > 6 Workers
Manufacturing 1737 1791 1248 420 312 5508
Rental, Hiring and Real Estate 528 330 153 15 36 1062
Professional, Technical, Scientific Services &
Administrative Support Services 2595 2016 1188 357 336 6492
Financial and Insurance Services 267 159 96 42 69 633
Construction 2487 1821 837 204 93 5442
Wholesale Trade 1284 1107 657 222 120 3390
Retail Trade 2172 1704 678 258 315 5127
Accommodation and Food Services 2601 2511 1230 201 108 6651
Transport, Postal, Warehousing & Information
Media 744 681 438 171 156 2190
Total 14415 12120 6525 1890 1545 36495
Source: Statistics New Zealand
Appendix Table F.2: Percentage of Firms by Sector and Size in NZ, 2016
Percentage of Firms
6-9 Workers 10-19 Workers 20-49 Workers 50-99 Workers 100+ Workers > 6 Workers

(%) (%) (%) (%) (%) (%)
Manufacturing 31.54 32.52 22.66 7.63 5.66 100
Rental, Hiring and Real Estate 49.72 31.07 14.41 1.41 3.39 100
Professional, Technical, Scientific Services &
Administrative Support Services 39.97 31.05 18.30 5.50 5.18 100
Financial and Insurance Services 42.18 25.12 15.17 6.64 10.90 100
Construction 45.70 33.46 15.38 3.75 1.71 100
Wholesale Trade 37.88 32.65 19.38 6.55 3.54 100
Retail Trade 42.36 33.24 13.22 5.03 6.14 100
Accommodation and Food Services 39.11 37.75 18.49 3.02 1.62 100
Transport, Postal, Warehousing & Information
Media 33.97 31.10 20.00 7.81 7.12 100

Source: Statistics New Zealand
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Appendix Table F.3: Number of Firms by Sector and Size in the Population of our Survey, 2017
Number of Firms

6-9 Workers 10-19 Workers 20-49 Workers 50-99 Workers 100+ Workers > 6 Workers
Manufacturing 946 975 680 420 312 3333
Rental, Hiring and Real Estate 200 125 58 15 36 433
Professional, Technical, Scientific Services &
Administrative Support Services 868 674 397 357 336 2633
Financial and Insurance Services 80 47 29 42 69 267
Construction 241 177 81 204 93 796
Wholesale Trade 65 56 33 222 120 496
Retail Trade 84 66 26 258 315 750
Accommodation and Food Services 272 263 129 201 108 973
Transport, Postal, Warehousing & Information
Media 20 32 48 164 156 420
Total 2776 2415 1481 1883 1545 10100

Appendix Table F.4: Percentage of Firms by Sector and Size in the Population of our Survey, 2017
Percentage of Firms

6-9 Workers 10-19 Workers 20-49 Workers 50-99 Workers 100+ Workers > 6 Workers

(%) (%) (%) (%) (%) (%)
Manufacturing 28 29 20 13 9 100
Rental, Hiring and Real Estate 46 29 13 3 8 100
Professional, Technical, Scientific Services &
Administrative Support Services 33 26 15 14 13 100
Financial and Insurance Services 30 18 11 16 26 100
Construction 30 22 10 26 12 100
Wholesale Trade 13 11 7 45 24 100
Retail Trade 11 9 4 34 42 100
Accommodation and Food Services 28 27 13 21 11 100
Transport, Postal, Warehousing & Information
Media 5 8 11 39 37 100
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Appendix Table F.5: Survey Framework of Main Wave, Number of Firms According to Employment Size Group

6-9 Workers 10-19 Workers 20-49 Workers 50-99 Workers 100+ Workers
w [} 172} w [} 172} w [} 172} w [} 172} w [} 172}
AN S S NEPY N S-S NP B S NS B B4 N O
Z 3 U @ Z 3 U I Z 3 U @ Z 3 U @ Z 3 U @
ge EE g ge EE @ gE EE @2 Go  EE go  EE @
Manufacturing 1737 946 73 1791 975 94 1248 680 83 420 420 44 312 312 25
Rental, Hiring and Real Estate 528 200 14 330 125 13 153 58 13 15 15 9 36 36 0
Professional, Technical,
Scientific Services &
Administrative Support
Services 2595 868 41 2016 674 46 1188 397 66 357 357 36 336 336 5
Financial and Insurance
Services 267 80 21 159 47 17 96 29 29 42 42 10 69 69 4
Construction 2487 241 18 1821 177 19 837 81 24 204 204 16 93 93 3
Wholesale Trade 1284 65 12 1107 56 14 657 33 17 222 222 11 120 120 2
Retail Trade 2172 84 32 1704 66 27 678 26 35 258 258 14 315 315 15
Accommodation and Food
Services 2601 272 9 2511 263 12 1230 129 14 201 201 5 108 108 1
Transport, Postal,
Warehousing & Information
Media 744 20 13 681 32 23 438 48 33 171 164 12 156 156 8
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Appendix Table F.6: Survey Framework of Main Wave, Percentage of Firms According to Employment Size Group

6-9 Workers 10-19 Workers 20-49 Workers 50-99 Workers 100+ Workers
N «» E [} E [} E [ E O E o
S85 ES5 Fo €85 ES5 B 285 EfSc 8o £85 EEL fo £35 EEL Fo
eSS gL gL Gaf EdL g gef 228 a8 e edf gL Ga28 £3E g8
Manufacturing 32 28 23 33 29 29 23 20 26 8 13 14 6 9 8
Rental, Hiring and Real Estate 50 46 29 31 29 27 14 13 27 1 3 18 3 8 0
Professional, Technical,
Scientific Services &
Administrative Support
Services 40 33 21 31 26 24 18 15 34 5 14 19 5 13 3
Financial and Insurance
Services 42 30 26 25 18 21 15 11 36 7 16 12 11 26 5
Construction 46 30 23 33 22 24 15 10 30 4 26 20 2 12 4
Wholesale Trade 38 13 21 33 11 25 19 7 30 7 45 20 4 24 4
Retail Trade 42 11 26 33 9 22 13 4 28 5 34 11 6 42 12
Accommodation and Food
Services 39 28 22 38 27 29 18 13 34 3 21 12 2 11 2
Transport, Postal,
Warehousing & Information
Media 34 5 15 31 8 26 20 11 37 8 39 13 7 37 9
Appendix Table F.7: Survey Framework of Main Wave, Total Firms
Number of Firms Percentage of Firms
£ 3 & S E
N o S 3 N 2 S 3
A 2 8 g -y 2 & :
z Q % ] o~ &~
e SR 8 fes 28
Manufacturing 5508 3333 319 100 61 10
Rental, Hiring and Real Estate 1062 433 49 100 41 11
Professional, Technical, Scientific Services & Administrative Support Services ~ 6492 2633 194 100 41 7
Financial and Insurance Services 633 267 81 100 42 30
Construction 5442 796 80 100 15 10
Wholesale Trade 3390 496 56 100 15 11
Retail Trade 5127 750 123 100 15 16
Accommodation and Food Services 6651 973 41 100 15 4
Transport, Postal, Warehousing & Information Media 2190 420 89 100 19 21
Total 36495 10100 1032 100 27.64 10.22
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Appendix Table F.8: Survey Framework of Follow-up Wave, Number of Firms

6-9 Workers 10-19 Workers 20-49 Workers 50-99 Workers 100+ Workers Totals
= = = = = el
5 3 5 2 5 2 5 2 5 9 5 9

N - N N0 S - SN N5 SN N L
Manufacturing 73 36 94 43 83 42 44 26 25 10 319 157
Rental, Hiring and Real Estate 14 6 13 8 13 4 9 2 0 0 49 20
Professional, Technical, Scientific
Services & Administrative Support
Services 41 22 46 22 66 38 36 17 5 0 194 99
Financial and Insurance Services 21 10 17 10 29 15 10 4 4 2 81 41
Construction 18 6 19 11 24 13 16 7 3 2 80 39
Wholesale Trade 12 7 14 6 17 9 11 3 2 1 56 26
Retail Trade 32 15 27 14 35 14 14 11 15 10 123 64
Accommodation and Food Services 9 5 12 6 14 8 5 2 1 0 41 21
Transport, Postal, Warehousing &
Information Media 13 6 23 13 33 18 12 6 8 5 89 48
Total 233 113 265 133 314 161 157 78 63 30 1032 515

Appendix Table F.9: Survey Framework of Follow-up Wave, Response Rates
6-9 Workers 10-19 Workers 20-49 Workers 50-99 Workers 100+ Workers
Response Rates Response Rates Response Rates Response Rates Response Rates

Manufacturing 49 46 51 59 40
Rental, Hiring and Real Estate 43 62 31 22 0
Professional, Technical, Scientific Services & Administrative
Support Services 54 48 58 47 0
Financial and Insurance Services 48 59 52 40 50
Construction 33 58 54 44 67
Wholesale Trade 58 43 53 27 50
Retail Trade 47 52 40 79 67
Accommodation and Food Services 56 50 57 40 0
Transport, Postal, Warehousing & Information Media 46 57 55 50 63
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Appendix G:
The effects of expectations on
firm decisions
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CGK and Coibion, Gorodnichenko and Ropele (2020) document that information treatments lead not only to
revisions of inflation expectations but also to changes in firms’ behavior. Armantier et al. (2015) provide some
evidence of this type for households. Treatments in these earlier studies provide firms with information about
the inflation target of the central bank, professional forecasts, or past inflation. Little is known about how firms
react to treatments that involve information about higher-order beliefs. While we find that revisions of beliefs
are similar for first- and higher-order inflation expectations, a priori one may observe considerable
heterogeneity in employment/investment/etc. responses across these information treatments. In this appendix,
we try to establish that firms act upon their self-reported expectations.

To estimate the effect of changes in inflation expectations on the choices of firms, our approach follows
CGK. Specifically, before firms were treated in the first wave, they were asked about their three-month-ahead
plans for future employment, investment, wages, and prices. Three months after the initial wave, we surveyed
firms again and asked them to report changes in these four variables over the preceding three months. Using this
information, we compute forecast errors for each variable. The key advantage of using forecast errors is that they
effectively difference out firm-fixed effects and thus reduce the size of idiosyncratic variation in the data.

In the next step, we regress forecast errors on changes in inflation expectations:
FE;(X) = constant + b X (Eiposwrior (m) — Eiprwr(n)) + error; (G.1)

where FE;(X) is the forecast error for variable X, Eip rior(n) is the pre-treatment expected inflation,

posterior posterior
E i E i

(m) is the post-treatment expected inflation. For (1), we use beliefs of firms measured

immediately after the treatment. The revision in expectations following an information treatment
(Eip osterior (m) — Elp rior(n)) should be proportional to the difference between the signal and the expected

value of the signal, that is, the surprise induced by a treatment (see section IV.C for a formal derivation).

Because we know pre-treatment values of E;(rr), E;(E(m)) and E;(mr,_,), we calculate the surprise and use it
as an instrument for (Eip oswrwr(n) — Eip rior(n)) as in Coibion, Gorodnichenko and Ropele (2020) and

Coibion et al. (2019). Note that for the control group the surprise is zero because firms in this group are not
provided with any information. For Group D, which receives both the first- and higher-order expectations, we
construct the average surprise in expectations. This instrumental variable approach ensures that estimated b
has a causal interpretation. This is important because we observe mean reversion in reported beliefs in the
control group and therefore some variation in the difference between posteriors and priors is potentially
endogenous. When we estimate specification (G.1), we do it on data combining the control group and a given
treatment group.

Appendix Table G1 reports estimates of b for various treatments using the revisions in first-order
inflation expectations on the right-hand side of equation (G.1). While treatments vary in their ability to move
inflation expectations, the results in Appendix Table G1 suggest that, conditional on moving inflation
expectations a given amount, the reaction of firms to a given change in expectations is largely similar across

treatments. Consistent with CGK, we find that raising inflation expectations by one percentage point generates
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an approximately 0.4 percentage point increase in employment (column 1), an approximately 0.2 percentage
point increase in fixed assets (column 2), and no effect on firms’ prices (column 3) or wages (column 4) over
the three months following the treatment. The IV estimates of the effects are approximately double the OLS
estimates (Appendix Table G4). We also find similar results when we replace first-order inflation expectations
as the regressor in equation (G.1) with higher-order inflation expectations (Appendix Table G5).

The survey also collects information about 6-month-ahead plans for firm-specific outcomes in the
initial survey and 3-month-ahead plans for the same outcomes in the follow-up survey. This design allows us
to also study the response of revisions in plans to information treatments (that is, the outcome variable in
specification (G.1) is 3-month-ahead plan in the follow-up wave minus the 6-month-ahead plan in the initial
wave). We find that while information treatments tend to increase planned investment, these treatments have
no statistically significant effect on plans for employment, prices, and wages (see Appendix Table G3).

Note that these causal estimates measure the “total” effects of the information treatment, that is, the
combined influence of a treatment on both first- and higher-order inflation expectations as well as other
expectations. Since Treatments B, C, and E have only one signal, we cannot separately identify the contribution
of first- and higher-order beliefs on firms’ actions. Treatment D contains two signals (two instruments) and
thus offers us an opportunity to run a horserace regression with first- and higher-order expectations included
in specification (G.1). We find (Appendix Table G2) that none of the expectations systematically dominates
the other and, more generally, few estimates are statistically significantly different from zero. These
inconclusive results likely reflect the strong correlation in revisions of first- and higher-order expectations,

which limits our ability to identify the independent effects of various orders of expectations.
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Appendix Table G1. Effect of Information Treatment on Actions.

Percent change in:

Treatment effect . Price of Main
(relative to control group) Workers Fixed Assets Product Wages
H 2 3 “4)
Treatment B, E[m,]
(EPOSte”'OT(n) _ EP”'OT(”)) 0.4Q7%** 0.342%%* 0.141 0.003
' ' (0.152) (0.125) (0.132) (0.015)
Observations 245 245 245 245
R? -0.038 -0.050 0.028 0.001
1% stage F-stat 149.6 149.6 149.6 149.6

—2
Treatment C, E' [m]

(El?"’“e’”ior (1) — Eip”"r (n)) 0.493* 0.141%** -0.078 0.043*
(0.260) (0.063) (0.072) (0.024)
Observations 252 252 252 252
R? -0.097 0.103 -0.043 -0.198
1* stage F-stat 15.47 15.47 15.47 15.47

— —2
Treatment D, E[r;] and E [m]

(EiPOSte”"T(n) _ EiPT"OT(ﬂ)) -0.264 0.214%** 0.019 0.016
(0.184) (0.060) (0.062) (0.018)
Observations 253 253 253 253
R? 0.004 0.066 0.002 0.010
1% stage F-stat 318.8 318.8 318.8 318.8
Treatment E, my_4
(Eip"“e”or (1) — Eil’”or(n)) 0.352%** 0.251%** 0.096 0.021
(0.095) (0.096) (0.094) (0.013)
Observations 251 251 251 251
R? 0.049 -0.028 -0.005 -0.000
1% stage F-stat 49.19 49.19 49.19 49.19
Memorandum: Pooled treatment
(EPOSET7 () — EPTI" () 0.146* 0.229%#* 0.045 0.016%*
(0.085) (0.043) (0.046) (0.008)
Observations 515 515 515 515
R? 0.007 0.101 0.007 0.005
I stage F-stat 221.1 221.1 221.1 221.1

Notes: The table reports the coefficient on the revision of a firm’s first-order inflation expectation in specification (G.1).
The regressand in each column is the forecast error for a given firm-specific outcome indicated in the second row of the
table. The regressor is instrumented with surprise component in the provided signal, that is, the difference between
information provided in a treatment and pre-treatment expectation for the variable provided in the treatment. /* stage F-
stat reports the first-stage F-statistic. The last panel (pooled treatment) uses surprises pooled across treatments as an
instrument for the revision of beliefs. Robust standard errors are reported in parentheses. ***, ** and * indicate
significance at the 0.01, 0.05 and 0.10 percent levels, respectively.
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Appendix Table G2. Horserace regressions.

Panel A. Second-stage regression
Dependent variable: percent change in:

Price of Main

Regressors Workers Fixed Assets Product Wages

(@)) (@) (€)] “

pposterior .. pprior -0.086 0.168** 0.036 0.028

i i

' ' (0.222) (0.083) (0.053) (0.021)
EiPOSte”OT [E(m)] — EPTT[E (m)] -0.239 0.062 -0.023 -0.016
(0.206) (0.071) (0.077) (0.016)

Observations 253 253 253 253
R? 0.002 0.100 -0.001 0.005

Panel B. First-stage regression
Dependent variable:

Eiposteriorn_ _ Eipriorn_ Eiposterior [E_'(T[)] _ Eiprior [E(T[)]
. ) 2)
sg— EPn 0.906%** -0.044%*
(0.037) (0.019)
sc — EPOT[E(m)] -0.034 0.953 %%+
(0.030) (0.027)
Observations 253 253
R? 0.656 0.679
1% stage F-stat 501.9 655.4

Notes: Panel A of the table reports the coefficient on the revision firms’ first-order inflation expectations and the revision
of their higher-order inflation expectation in specification (G.1). The regressand in each column is the forecast error for
a given firm-specific outcome indicated in the second row of the table. The regressors are instrumented with surprise
component in the provided signals, that is, the difference between information provided in a treatment and pre-treatment
expectation for the variable provided in the treatment. The first-stage regression is reported in Panel B. /¥ stage F-stat
reports the first-stage F-statistic. Robust standard errors are reported in parentheses. ***, ** and * indicate significance
at the 0.01, 0.05 and 0.10 percent levels, respectively.
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Appendix Table G3. Effect of Information Treatment on Future Plans.

Treatment effect

Percent change in:

Price of Main

(relative to control group) Workers Fixed Assets Product Wages
H 2 3 “4)
Treatment B, E[m,]
(Eipos'fe”or(,;) _ Eiprior(n)) 0.004 0.491** 0.396* -0.015
(0.338) (0.250) (0.218) (0.036)
Observations 245 245 245 245
R? -0.000 -0.011 0.016 -0.001
1% stage F-stat 149.6 149.6 149.6 149.6
Treatment C, E- [1,]
reatment C, T
(El?’o“erior(ﬂ; _ Eip”or(ﬂ)) 0.017 0.027 -0.140 0.098
(0.367) (0.138) (0.231) (0.083)
Observations 252 252 252 252
R? -0.000 0.005 -0.033 -0.021
1* stage F-stat 15.47 15.47 15.47 15.47
Treatment D, .E[”t] and EZ. [¢]
(ElPOSte”OT(n) _ EiP”"T(ﬂ)) -0.220 0.219%* 0.106 0.036
(0.187) (0.093) (0.125) (0.055)
Observations 253 253 253 253
R? 0.008 0.006 0.002 0.009
1% stage F-stat 318.8 318.8 318.8 318.8
Treatment E,' Te_q .
(Eip"“e”or(n) _ Eil’”"r(n)) 0.109 0.098 -0.202 -0.012
(0.204) (0.121) (0.148) (0.030)
Observations 251 251 251 251
R? 0.001 0.007 -0.024 -0.004
1% stage F-stat 49.19 49.19 49.19 49.19
Memorandun_l: Pooled treqtment
(El_l’os'fe”"’”(ﬂ) — Eip”or(n)) -0.051 0.200%** 0.060 0.019
(0.133) (0.071) (0.085) (0.024)
Observations 515 515 515 515
R? -0.001 0.010 0.005 0.004
1* stage F-stat 221.1 221.1 221.1 221.1

instrument for the revision of beliefs.
significance at the 0.01, 0.05 and 0.10 percent levels, respectively.

Notes: The table reports the coefficient on revision of own inflation expectations in specification (G.1). The regressand
in each column is revision in plans for a given firm-specific outcome indicated in the second row of the table; that is, the
outcome variable in specification (2) is 3-month-ahead plan in the follow-up wave minus the 6-month-ahead plan in the
initial wave. The regressor is instrumented with surprise component in the provided signal, that is, the difference between
information provided in a treatment and pre-treatment expectation for the variable provided in the treatment. /' stage F-
stat reports the first-stage F-statistic. The last panel (pooled treatment) uses surprises pooled across treatments as an
Robust standard errors are reported in parentheses. *** ** and * indicate
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Appendix Table G4. Effect of Information Treatment on Actions, OLS.

Percent change in:

Treatment effect . Price of Main
(relative to control group) Workers Fixed Assets Product Wages
€)) (2) 3) 4)
Treatment B, E[m,]
(EiPOSte”"T(n) _ Eiprior(n)) 0.169%** 0.145%* 0.146** 0.003
(0.072) (0.057) (0.074) (0.005)
Observations 245 245 245 245
R? 0.038 0.061 0.028 0.001

—2
Treatment C, E [m;]

(El?’o“e”or(ﬂ) _ Eiprior(n)) 0.155* 0.127%** 0.010 0.008
(0.089) (0.046) (0.029) (0.005)

Observations 252 252 252 252

R? 0.025 0.105 0.001 0.013

— —2
Treatment D, E[m;] and E [m;]

(El?"’“e’”ior () — EL_P”'OT (n)) -0.149 0.134%** 0.023 0.013
(0.129) (0.047) (0.036) (0.011)
Observations 253 253 253 253
R? 0.010 0.103 0.002 0.010
Treatment E, ;4
(Eiposterior () — Eiprior(n)) 0.207%%* 0.117%%* 0.042 0.010%*
(0.066) (0.036) (0.030) (0.005)
Observations 251 251 251 251
R? 0.096 0.093 0.009 0.024
Memorandum: Pooled treatment
(EL_POSte”'O’” (m) — EL_P”'OT (n)) 0.106* 0.163*** 0.046* 0.010**
(0.062) (0.029) (0.025) (0.005)
Observations 515 515 515 515
R? 0.009 0.121 0.007 0.010

Notes: The table reports the OLS coefficient on revision of own inflation expectations in specification (G.1). The
regressand in each column is forecast error for a given firm-specific outcome indicated in the second row of the table.
Robust standard errors are reported in parentheses. ***, ** and * indicate significance at the 0.01, 0.05 and 0.10 percent
levels, respectively.
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Appendix Table G5. Effect of Information Treatment on Actions, higher-order expectations on the RHS.

Treatment effect

Percent change in:

Price of Main

(relative to control group) Workers Fixed Assets Product Wages
@) (2 3) 4)
Treatment B, E[m,]
Eip"“e”or[g(n)] —_ Eiprior [E(m)] 0.644*** 0.540%** 0.223 0.005
(0.245) (0.205) (0.215) (0.023)
Observations 245 245 245 245
R? -0.144 -0.294 -0.028 -0.003
1% stage F-stat 60.64 60.64 60.64 60.64
—2
Treatment C, E [m]
El?’o“erior [E(n)] — El?’”"r [E(n)] 0.326%** 0.093** -0.052 0.028%**
(0.162) (0.043) (0.046) (0.014)
Observations 252 252 252 252
R? 0.039 0.022 -0.009 0.047
1% stage F-stat 561.8 561.8 561.8 561.8
Treatment D, E[m,] and Ez [¢]
Eip"“e”or[g(n)] —_ Eiprior [E(m)] -0.355 0.288*** 0.026 0.021
(0.244) (0.084) (0.084) (0.024)
Observations 253 253 253 253
R? -0.010 -0.010 0.003 -0.016
1% stage F-stat 182.9 182.9 182.9 182.9
Treatment E, m;_4
EiPOSte”OT [E(m)] — Eiprior [E(m)] 0.311%** 0.222%* 0.085 0.018
(0.095) (0.089) (0.085) (0.012)
Observations 251 251 251 251
R? 0.035 0.033 -0.012 0.000
1% stage F-stat 83.65 83.65 83.65 83.65
Memorandum: Pooled treatment
Eiposterlor [E(n)] Eiprlor [E ()] (00 105839*) 0(.(2)40(2_*;* (ggjg) (200(1)3;;
Observations 515 515 515 515
R? 0.005 0.012 -0.005 -0.001
1* stage F-stat 365.6 365.6 365.6 365.6

Notes: The table reports the coefficient on revision of higher-order inflation expectations in specification (G.1). The
regressand in each column is forecast error for a given firm-specific outcome indicated in the second row of the table.
The regressor is instrumented with surprise component in the provided signal, that is, the difference between information
provided in a treatment and pre-treatment expectation for the variable provided in the treatment. /*' stage F-stat reports
the first-stage F-statistic. The last panel (pooled treatment) uses surprises pooled across treatments as an instrument for
the revision of beliefs. Robust standard errors are reported in parentheses. ***, ** and * indicate significance at the 0.01,
0.05 and 0.10 percent levels, respectively.
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