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ABSTRACT
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find little evidence that this departure from infinite regress helps reconcile the data and theory.
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1. Introduction

Economists have long understood the importance of higher-order expectations. Keynes (1936) emphasized
the beauty contest nature of financial markets, Harsanyi (1967) formalized the role of higher-order beliefs
in decision-making, and Morris and Shin (2002) demonstrate how strategic complementarity in the actions
of agents can make the public provision of information suboptimal when agents also have private sources
of information, as public information disproportionately affects higher-order beliefs. The role of higher-
order beliefs has also become increasingly recognized and studied in the macroeconomic context. For
example, Woodford (2003) shows how noisy private information can lead firms to change their prices
gradually because of slow-moving higher-order beliefs about the actions of other firms. More recent work
has considered how different assumptions about higher-order beliefs can alleviate the “forward guidance”
puzzle! (e.g. Angeletos and Lian 2018, Gabaix 2016, Fahri and Werning 2017).

One stumbling block to this literature has been the absence of 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 expectations over macroeconomic variables, but
also about what they think other managers expect for these same variables. We also provide new evidence
on the learning process through a variety of randomized information treatments that characterize how
agents’ first-order and higher-order beliefs respond to different kinds of information about the economy.
Using a follow-up wave, we can also measure the persistence of changes in beliefs and how changes in
beliefs translate into firms’ economic decisions. Jointly, these data 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 stylized facts from the survey.

The survey builds on earlier surveys of firms in New Zealand described in Coibion, Gorodnichenko
and Kumar (2018; henceforth CGK) and Kumar et al. (2015). Relative to this earlier work, we rely on two
new waves of the survey run in 2017Q4-2018Q1 using a fresh draw of firms. These firms were asked to
report not just what they expect inflation to be over the next twelve months (their “first-order” expectations)

but also what they believe other firms expect future inflation to be (their “higher-order” expectations). We

! Standard New Keynesian models that abstract from information frictions imply that announcements about monetary
policy in the distant future can have unrealistically larger 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 acfual macroeconomic expectations of
actual firm managers, rather than much more narrowly-defined expectations of undergraduates in typical experiments.
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highlight several features of this unique data set. First, the average higher-order forecast of inflation across
firms is close to the average first-order forecast of inflation: 3.5% vs 3.4% respectively. Second, the cross-
sectional standard deviation of higher-order beliefs (disagreement) is smaller (by about 20%) than the
dispersion in first-order beliefs about inflation. Similarly, the average uncertainty around firms’ higher-
order beliefs 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, with a slope coefficient of less than one.

These stylized facts provide a unique way to calibrate and test 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 this type of model is consistent with both the lower
disagreement and uncertainty around higher-order forecasts than first-order forecasts. In addition, the
relative levels of each are determined by the same underlying parameter in the model, providing an
overidentification test that is not rejected by the data. Similarly, the model is consistent with the slope
coefficient when we regress higher-order forecasts on first-order forecasts of firms. From this combination
of empirical moments, we show how one can identify the underlying parameters of the model, including
the level of the fundamental, the level of the public signal, and the precision of signals.?

More challenging for noisy-information models to explain is a separate set of empirical facts that
we document in the survey. Specifically, we characterize how managers update both their first- and higher-
order beliefs in the face of new information. This is done by providing random subsets of managers with
different types of information at the end of the initial wave of the survey, after which we immediately
present them with new questions about their expectations. We consider a number of different information
treatments (as well as a control group that receives no information), including telling some firms what other
firms expect about inflation (average first-order expectation), telling another set of firms about the average
higher-order expectations of firms in the survey, and telling yet another set of firms about the most recent
rate of inflation. A noisy-information model would imply that, if agents treated the measurement error in
different signals as equal, they should adjust their expectations more strongly to information about the
average forecast of other firms than to information about the average higher-order belief of other firms.
This is because higher-order beliefs load more strongly on public than private signals, but it is the latter
which a firm does not know about other firms. Our empirical evidence goes precisely in the opposite
direction: there is a much stronger response of both the first-order and higher-order beliefs of firms to
information about the higher-order beliefs of other firms than to information about their first-order beliefs.

Explaining this through measurement error in the treatments would require measurement error to be almost

3 The only exception is the degree of strategic complementarity in the model. This can be quantified using a separate
set of questions in the survey, as in Afrouzi (2018).



ten times larger for first-order beliefs than higher-order beliefs, an unlikely possibility.

Another challenge for noisy information models stems from how firms’ decisions respond to changes
in their inflation expectations.* Using the follow-up wave, we can characterize how exogenously-generated
changes in firms’ inflation expectations (via information treatments) affect firms’ economic decisions.
Consistent with CGK, we find that firms with higher inflation expectations increased their employment and
investment relative to the control group but not their prices or wages, regardless of which information
treatment was the source of the change in inflation expectations. Thus, changes in inflation expectations have
a causal effect on firms’ decisions. But the way in which they respond is not through prices, which is the
margin that noisy-information models typically focus on, but rather employment and investment.

While reconciling all of the differences between our empirical facts and noisy-information models
with infinite regress is beyond the scope of the paper, we consider one departure from the baseline model
which has been the topic of recent work. For example, Fahri and Werning (2017) show that limits to higher-
order reasoning in the form of level-k thinking can help resolve the “forward guidance” puzzle and Garcia-
Schmidt and Woodford (2015) use level-k reasoning to show that monetary policy commitments to keep
the nominal interest rate very low need not be deflationary. While infinite regress of higher-order
expectations requires that agents solve a problem in which they iterate over how their actions affect others
then how the actions of others affect them etc., models of level-k thinking assume that this reasoning process
is computationally expensive and difficult, leading agents to stop at some finite “%k” level of iteration. The
experimental literature has documented in laboratory settings that agents generally display very limited
“degrees of reasoning”, often stopping at 2 or 3 iterations of a problem (Nagel and Duffy 1997, Nagel 1995,
Camerer, Ho, and Chong 2004, Stahl and Wilson 1995, Costa-Gomes and Crawford 2006).

We provide novel evidence on this dimension of higher-order thinking as well by asking
respondents questions aimed to measure their degree of k-level thinking. Specifically, we follow the
experimental literature and ask them to pick a number between 0 and 100, with the winning number being
the one that is two-thirds of the average guess across all respondents. While some respondents answer
seemingly random numbers, answers for respondents who spent more than 20 seconds answering the
question line up squarely on traditional values assigned with different level & (33 for £=1, 22 for k=2, etc...)
yielding clear metrics of the degree of level-k thinking done by these respondents. The resulting distribution
is much more heavily tilted toward higher levels of reasoning than is commonly found in the experimental
literature, with over twenty-five percent of respondents displaying levels of thinking of k =3 or more,
compared to 9% in Nagel (1995) and 13% in Camerer et al. (2004).

Unlike the experimental literature, we also asked respondents to guess about the distribution of

4 Armantier et al. (2015) provide some evidence of this type for households.



other managers’ answers (by assigning corresponding weights to ranges of possible answers). This novel
question allows us to ascertain what each manager believes the mean answer to be (and whether they
therefore pick a number that is two-thirds of that) and whether they think other managers are dispersed in
their level of thinking. We document several departures from standard modeling approaches of level-k
thinking. First, most managers believe other managers will report an answer in the same range as theirs, so
they are not picking a value equal to two-thirds of their expected mean. Second, managers generally believe
that some of the other managers are higher-level thinkers than they are, whereas standard models assume
that an agent acts as if all other players are lower-level thinkers relative to them. Third, managers
dramatically underestimate the actual dispersion of answers, so they seem largely unaware of the actual
distribution of level-£ thinking, even among their peers. Finally, we find no systematic relationship between
an agent’s degree of level-k thinking and either how they revise their beliefs in light of new information or
how changes in their information affect their actions. These facts present a challenge relative to the typical
assumptions used when applying level-k thinking to macroeconomic models.

Our results speak directly to a growing body of work in macroeconomics on the expectations
formation of economic agents and implications thereof for macroeconomic dynamics. 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. These findings are also informative for the design of
policymakers’ communication (e.g., Coibion et al. 2018).

The remainder of the paper is organized as follows. We first describe in section 2 how the survey was
implemented. Section 3 presents the key empirical findings from the survey and information treatments.
Section 4 considers how well a 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 5 then presents additional empirical results focusing on cognitive
constraints of agents as represented by k-level thinking as well as whether these constraints help explain

features of the data. Section 6 concludes.

II. 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.



2.1 Sampling Frame and Protocol

We obtained information on the population 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 C
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

responses matched. As discussed in CGK, responses of managers are consistent with information available

5 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.




from other sources and the quality of the survey is reasonably high.® Descriptive statistics are provided in
Appendix Table 1.

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 $50 gift voucher and dinner and entertainment ticket worth $50. Further,
respondents enter into a pool draw 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. Appendix Table 2 examines
whether participation in the second wave is correlated with firm/manager characteristics. We find that firms

non-participating in the second round are missing at random.

2.2 Survey instrument
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 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.

Consistent with recommendations in Coibion et al. (2018), expectations were elicited in two ways.
First, firms were asked to assign probabilities for possible outcomes (see Appendix Table 3 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

® 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 age of 20 firms is not available in any other source. Second, we verified
whether the firm exports or not. Firms that indicated in the survey that they export overseas, this information is
available in 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 in their websites. 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.



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.

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 Nagel (1995) and we provide more details in section 5.1. 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 3.2,
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.

III.  Survey Results

In this section, we describe results of the survey. We first focus on unconditional moments of firms’ first-
order and higher-order inflation expectations. Second, we present novel experimental findings on how
managers respond to different types of information, including information about higher-order beliefs, and

how each type of information affects their economic decisions.

3.1 Unconditional Moments of 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. We also measure the uncertainty in their forecast (standard
deviation of probabilities across bins). To measure their higher-order expectations, firms were asked an
equivalent distributional question (Appendix Table 3) 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 1. In terms of 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 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).

More novel are the results for the higher-order inflation expectations of managers. 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. At the individual level,
there is a strong positive correlation (0.68) between a manager’s inflation forecast and their higher-order
expectation. This is illustrated graphically in Figure 1. Managers who expect higher inflation also tend to
believe that other managers expect higher inflation as well. The slope coefficient between the two is
strongly positive at 0.66 and statistically significant at all standard levels. As we document in subsequent
sections, a strongly positive correlation between first- and higher-order expectations is consistent with
simple noisy-information models.

Table 1 reveals two other striking facts about higher-order inflation beliefs of managers in New
Zealand. First, we find significantly lower cross-sectional disagreement about higher-order beliefs than we
do for 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. We can strongly reject the null of equality for these two values.
Second, we find that managers are generally less uncertain 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. As discussed in subsequent sections, both of these results are also consistent with simple

models of noisy information.

3.2 Effect of Information Treatments on Expectations
During the initial survey following questions asking firms about their inflation expectations and higher-
order expectations, we performed the following experiment. We divided managers into five groups. Group
A is a control group and did not receive any information. Group B received information about the average
beliefs 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. 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 predict for

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



inflation (one-year head). 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. 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; + erro ; (D
where slope b captures the strength of the 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 treated as a completely informative signal which causes managers to discard their priors in
favor of the signal. If 0 < b < 1, the treatment is treated 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. Note
that because we use point predictions for posteriors and implied means for priors, the estimated slope may
be biased up or down depending on how well firms respond to probability distribution questions (see e.g.
Kleinjans and van Soest 2010, Fischhoff and Bruine de Bruin 1999, Bruine de Bruin et al. 2000). We can
capture these effects by examining “revisions” in 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 2 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 treatment by large amounts. Instead, this estimate
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 4).

With this benchmark in mind, we turn to Treatment B (provide firms with E[r], row 2 in Table
2). 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 high-
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order inflation expectations (column 2).® These weights are statistically different from the weights 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 high-order beliefs respectively. Thus, Treatment B has

useful information content that leads firms for revise their beliefs.

—2

For firms in treatment group C (provide firms with E' [rr], row 3 in Table 2), the estimated weights

on priors are considerably smaller: 0.09 and 0.12 for low- and high-order beliefs. These estimates suggest
that firms perceive the information about firms’ higher-order expectations as a very informative signal that

leads them to place little weight on their prior beliefs. The weights on the prior are similar in Treatment D
_2 —
(provide firms with E' [rr] and E[rr], row 4 in Table 2). We interpret this result as indicating that information

in E[r] has relatively little incremental content relative to information in Fz [].

For firms receiving information about the past realization of inflation (Treatment E, row 5 in Table
2), the weight on the prior is 0.059 for low-order expectations and 0.062 for high-order expectations. This
confirms an earlier result in CGK. 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 2). 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.’

33 Effect of Information on Actions

CGK and Coibion, Gorodnichenko and Ropele (2018) document that information treatments lead not only
to revisions of inflation expectations but also to changes in firms’ behavior. 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 high-
order beliefs. While the previous section finds that revisions of beliefs are similar for low- and high-order
inflation expectations, a priori one may observe considerable heterogeneity in employment/investment/etc.

responses across these information treatments. Indeed, it is critical to establish that firms act upon their self-

8 Appendix Figures 1 through 4 shows scatter plots of posteriors against priors.

9 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
(2018) 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.
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reported expectations because the formation of expectations is relevant to policymakers only if expectations
influence the choices of firms (prices, employment, investment).

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 error 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 (Elposwrior (m) — Eiprior (n)) + error; 2)

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

posterior
E i

posterior

H (), we use beliefs of firms measured

(1) is the post-treatment expected inflation. For E

immediately after the treatment. The revision in expectations following an information treatment
(E P osterior (m) — EF 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 4.3 for a formal derivation).

Because we know pre-treatment values of E; (1), E, L-(E' (n)) and E;(m;_,), we calculate the surprise and use
it as an instrument for (Eip osterior (m) — Eip Tior(n)). 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. When we estimate
specification (2), we do it on data combining the control group and a given treatment group.

Table 3 reports estimates of b for various treatments using the revisions in first-order inflation
expectations on the right-hand side of equation (2). While treatments vary in their ability to move inflation
expectations, the results in Table 3 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 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

19 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 (2) 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
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the OLS estimates (Appendix Table 6). We also find similar results when we replace first-order inflation
expectations as the regressor in equation (2) with higher-order inflation expectations (Appendix Table 7).
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. 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 (2). We find (Table 4) 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.

3.4 Summary

Using a novel survey of the higher-order expectations of firm managers in New Zealand, we document
several stylized facts. First, the mean higher-order inflation expectations of managers are very close to the
mean first-order inflation expectations, and the two are highly correlated at the individual level. Second,
higher-order inflation expectations are less dispersed across agents and are associated with less uncertainty
on average than first-order inflation expectations. Third, when provided with information about the higher-
order inflation expectations of other firms, managers change both their first- and higher-order inflation
expectations by much more than they do when presented with information about the first-order inflation
expectations of other firms. Finally, the responses of firms’ actions to different information treatments are
broadly similar regardless of the source of the information treatment, after conditioning on the magnitude
of the change in inflation expectations associated with each treatment. In the next section, we consider to
what extent these facts are consistent with simple noisy-information models as well as how these stylized

facts can potentially be used to shed new light on underlying parameters of these models.

IV. 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 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?

Strategic complementarities in pricing behavior require that firms think not only of their own expectations of

tend to increase planned investment, these treatments have no statistically significant effect on plans for employment,
prices, and wages (see Appendix Table 5).
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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. A similar logic applies to households when they consider
how changes in their consumption affects other households’ incomes, which in turn affect those households’
consumption and therefore the initial households’ income. Angeletos and Lian (2017) focus on a similar logic
with intertemporal effects. In this section, we use the static model of Morris and Shin (2002) 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.

4.1 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 expectations of a
fundamental, m, and its expectation of the aggregate price level in the economy, p:

pi = (1 — @)E;[m] + aE;[p] 3)
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:
p; = (1 — a)E;[m] + aE;[[ p;dj] (3"

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 k™ higher orders recursively: E [X] =
1 —k-1 ,
1155 (B 1x1) dj]
Using the definition of the price level and repeated substitutions in equation (3’), 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)EZ [m] + a?(1 — a)E3 [m] + - . 4)

It follows that the optimal choice of p; depends on the manager’s expectation of each event in equation (4).

bi = (1 — (Z)Ei [m] + C((]. - a)Ei [E[m]] + az(]_ — a)Ei [EZ [m]] + -eel (5)
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Firms operate under imperfect information. This means that, rather than observing m completely,
they see noisy public and private signals that include the true value of m and some noise.!! Specifically,
allow a public signal about the fundamental to take the following form: y = m + € where ¢ ~ N (0, Ky 1).

Firm i also receives a private signal about m: x; = m +v; with v; ~ N(0,kz!) where & and v; are
uncorrelated. Firms weigh their signals according to the relative noise in each to obtain an individual

expectation of m:
K Ky
Effm] ==y +—2x; = (1-8)y +6x;, (6)
where k = Kk, + k,, and, for ease of notation, we denote ';—x and 1;_;; as 6 and 1 — §, respectively, for the

remainder of the paper. Aggregating equation (6) across managers gives the average expectation about the

fundamental in the economy:
E[m]l=(1-8)y+dm. (7)

Manager i’s expectation about the average expectation of other managers in the economy is
E[E [m]] = (1-8)y + 86E;[m] = (1 — 62)y + 8%x;. (8)

One can obtain progressively higher-order expectations of m by continuing to substitute E; [m] for m to find:

E

—

-Ek[m]] = (1-6F1)y+ sk 1E; [Ek_l [m]] =(1-8%y + 6%x;. 9)

Equation (9) shows that higher-orders of reasoning will depend more heavily on the public signal as they
rely more on average, rather than idiosyncratic, beliefs.
Using the firm’s optimal price-setting in equation (5), 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- @) Efoat [[1- 841y +6%41x]. (10)
It follows that every agent sets the optimal price at:
Pi =¢yy + dxxi, (11
h =— % _and gy = —29% _ The realization of th te price is the integral of
where ¢, = Cosra s b, = _wsr(_s) Lhe realization of the aggregate price is the integral o

equation (11) across the support of all managers:

D = [, pjdi = dyy + pum. (12)

Using these results, we can derive expectations of manager i about the price level:

1'We treat m as a fixed parameter. An alternative formulation is to assume that m~N (m*, k5 1) where k, may be
interpreted as the precision of a common prior. With this formulation, we cannot distinguish k, and k,, (precision of
the public signal y) with our data because we observe only k, + k,. Therefore, if one believes that m is stochastic,
he should interpret our results as providing an estimate of k, + k,, that is, the combined precision of the public signal
and the common prior.
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Ei[ﬁ] = ¢yy + ¢x((1 - 6)3’ + Sxi) = (1 - ¢x6)y + ¢x6xi- (13)

Aggregating across agents gives the average expectation about the price level:

E[ﬁ] = ¢yy + ¢x((1 -0y + 6m) = (1= ¢x0)y + P 6m. (14)

The individual expectation of the left-hand side in equation (14) is an individual manager’s higher-order

expectation:

E; [E[B]] = ¢yy + ¢x[(1 — 62y + 62x,] = (1 — $,:62)y + 2 8%x;. (15)
Aggregating equation (15) gives the mean of the higher-order expectation:

—2

E [p] = d’yy + ¢x[(1 - 62)}’ + 62m] = (1 - ¢x62)y + ¢x62m- (16)

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 time period, firms observe y and thus firms do not face uncertainty about
what other firms observe. Indeed, equation (12) 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 unconditional distribution of these expectations is

Ei[p]~N(m, (1 — ¢8)%;" + (¢x6) k), (17a)
E[p]~N(m, (1 = ¢6)*k5"), (17b)
E; [EB]| ~N(m, (1 — $,62)%5 + (6262715 Y), (17¢)
E [F1~N(m, (1 - $,62)%k;"), (17d)

while the distributions conditional on the public signal (that is, the distributions of beliefs about p in a given

cross-section of managers for a point in time) are:

E[Blly~N([$y + ¢ (1 — )]y + bxdm, ($6) k1), (18a)
EBlly~N([gy + (1 — 8]y + ¢,.6m,0), (18b)
E; [ED1] 1y~N([¢y + ¢ (1 — 8Dy + ¢,.87m, ($:62)%k5 1), (18c)
E [Blly~N([¢y + b2 (1 = 6]y + $,8?m,0). (18d)

Note that in this canonical noisy-information model, uncertainty in first-order expectations (Qyg, 71y} =

(0)%Kk; given by equation (18a)) is equal to the cross-sectional dispersion of point forecasts

Var(E;[p]|y) and the same result applies to higher-order expectations: Q{Ez[f[ﬁ]]ly} = Var (E ; [E[ﬁ]] | y).
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4.2 Mapping the Model to Unconditional Moments of the Survey Data

Our survey data on the higher-order inflation expectations of firms yielded four key facts: 1) the mean
higher-order inflation expectation was almost identical to the mean first-order inflation expectation, 2)
disagreement was lower for higher-order than lower order inflation expectations, 3) uncertainty was lower
for higher-order than lower order inflation expectations, and 4) there is a strong positive correlation, with a
slope less than one, between first-order and higher-order inflation expectations. We now consider whether
a simple noisy-information model is consistent with these facts and how we can use the quantitative values

from the survey to calibrate key parameters of the model.

4.2.1 Means
The model predicts that the mean of the distribution of firms’ own expectations of the aggregate price level

(E;[p]) could be similar to that of the firms’ higher-order expectation of the aggregate price level
(EL- [E[}_?]]), that is, their expectation of other managers’ expectation. Specifically, equations (18a) and

(18c) show that for a given realization of public signal y, higher-order expectations assign a larger weight

to the public signal and a smaller weight to the private signal (recall that § < 1). The difference between

E;[p] and E; [E[ﬁ]] depends on how far y is from m. Indeed,

— =2
(ED) —E [3]) Iy = ¢:(1 — $)[m — y1. (19)
Thus, even without knowing ¢, and &, we can sign [m — y] using the observed difference in average

expectations for high and low orders.

Table 1 shows that, in our sample, E[r]|y is 3.41 and EZ [7r]]y is 3.50. The negative difference
between these two measures 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 6, but since ¢,, § € (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

continued to rise possibly sending an “inflationary” public signal.'?

4.2.2 Disagreement
Private signals are the reason why agents disagree about macroeconomic variables in the noisy-information

model. Equations (18a) and (18c) predict that the cross-sectional variance of higher-order expectations

12 Coibion and Gorodnichenko (2015) 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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(¢,6%)? k! will be smaller than the variance of the managers’ own expectations (¢, 8)?k; *. This happens

as higher-order expectations become more weighted toward the common signal, which is observed by all

agents. Note that the ratio of cross-sectional variances for E; [E[ﬁ]] |y and E;[p]|y gives us

VaT(Ei[E[E]]D/) _ (¢x62)2;€;1 _ 62 < 1
var(Eiplly) — (¢«8)?kzt

(20)
and, thus, the relative cross-sectional dispersions of higher-order vs first-order expectations can uniquely pin

down &, which itself measures the relative importance of private and public signals (recall that § = %).
xTKy

Consistent with the theoretical prediction of § < 1, we documented in Table 1 that disagreement
is larger for low-order inflation expectations (standard deviation is 3.06) than for high-order inflation
expectations (standard deviation is 2.43). The ratio of these two standard deviations implies § =~ 0.8, that
is, the precision of the private signal is about four times larger than the precision of the public signal.

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 ¢,.

(1-a)é

As we derived above, ¢, = oot (d)

and so we can estimate ¢, if we have an estimate of strategic

complementarity a along with our estimate of §. While we cannot obtain « 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?

c. By what percentage would your firm raise its price if your competitors did not change their
price at all in response to this news?

Afrouzi (2018) shows 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 (standard error
0.02). It follows that ¢, = 0.55, 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 now pin down the precision of private and public signals. Because

in the data disagreement is Var(E;[p]|y) = (¢,6)?k; ! = 3.062, it follows that k, ~ 0.02. Using § =

Kx

> we find that k,, = 0.005. These estimates suggest that both signals could be rather imprecise.
xTKy

However, this imprecision is in agreement 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, the data on disagreement in both first- and higher-
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order expectations can, when combined with an independent estimate of strategic complementarity, pin

down all of the relevant structural parameters in the model.

4.2.3 Uncertainty
We can alternatively use firms’ uncertainty about aggregate variables to back out parameters of the model.

First, note that, as with disagreement, the ratio of uncertainty in high-order expectations to uncertainty in

(¢x52)2’9?1 _
(px8)2Kzt §* <1

low-order expectations also uniquely pins down & since Q{Ei[f[ﬂ]ly} /e Bl =
Hence, having data on both uncertainty and disagreement over-identifies §. Strikingly, column (4) of Table
1 shows 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 0.8, the same value as found using
data on disagreement. Hence, despite using two different moments to pin down the same parameter, we
find comparable values across the two approaches.

Second, the model predicts that the level of disagreement (cross-sectional standard deviation of
point predictions) and the level of uncertainty (the average standard deviation implied by reported
distributions for future inflation) should be the same and equal to (¢, §)?k; . Indeed, both are determined
by the variance of the noise in the private signals. In the data, uncertainty is about a third of disagreement,
so this restriction implied by the canonical model is at odds with the data.' If we use uncertainty instead of
disagreement to recover k, and ky, Var(E;[plly) = (¢,6)*kx'. Because in the data uncertainty is

Var(E;[p]|y) = 1.112, it follows that k,, ~ 0.15 and Ky ~ 0.04. While the levels are not identical to those

implied by the level of disagreement, they still imply rather imprecise signals.

4.2.4 Relationship between First-Order and Higher-Order Expectations
Because the private signal x; is the only source of cross-sectional variation in expectations, our model
predicts a perfect correlation between higher- and lower-order expectations. Given measurement errors in

expectations data and other idiosyncratic variation in survey responses, a perfect correlation is unlikely to
be borne out in the data. Indeed, we observe a high correlation Corr (El- [p], E; [E[ﬁ]]) ~ 0.6 in our sample,

but this is still well below one. Perhaps a more interesting prediction is that variation in low-order

13 One possible way to rationalize the difference in the levels of uncertainty and disagreement in the data is if agents
in the model report beliefs as in Patton and Timmermann (2010). Specifically, suppose that the reported forecast is a
weighted average of the signal-based forecast and the individual’s belief about the long-run average: E;[p] = wu; +
(1 — w)E;[plx;, y] where y; is individual’s belief about the long-run average, k? is the variance (uncertainty) of this
belief, and w = Var(E;[p|x;, y1)/(Var(E;[p|x;, y]) + k?). Note that cross-sectional dispersion of long-run beliefs
Var(y;) is decoupled from the uncertainty in the belief k2. In this case, the cross-sectional variance of the mean
predicted price level is w?Var(u;) + (1 — w)?Var(E;[plx;,y]) while uncertainty is w?k?+ (1 —
w)?*Var(E[p|x;, y]) which is smaller than disagreement if Var (u;) > k2.
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expectations E;[p] should translate in less than one-to-one changes in high-order expectations E; [E[ﬁ]]

Specifically, the model implies that regressing E; [F[f?]] on E;[p] should yield a slope coefficient equal to

_ Cov(Ei[E],Ei[E[ﬁ]]) 9283kt
- var(E;[p]) T 282Kyt

Hence, a regression of first-order expectations on higher-order expectations provides a third way to pin

=§<1. 21)

down §. As shown in Figure 1, the estimated slope of the regression in our survey data is between 0 and 1,
consistent with the theory. But its value of 0.66 is significantly smaller than the value of 0.80 found using
either disagreement or uncertainty moments. One interpretation is that this discrepancy could be due to
measurement error in survey measures of expectations. If we treat the value of § = 0.80 from disagreement
and uncertainty moments as the true value, we can infer how much measurement error is needed to generate
an estimated slope of 0.66. Assuming classical measurement error, we find an implied variance of the
measurement error of 0.5%, which seems reasonable given the nature of survey questions.

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; [E[ﬁ]], equations (13) and (15) imply that
Ei[p] = E; [E[ﬁ]] = x; = y. Our regression estimates suggest that this point (that is, when the fitted

regression line crosses the 45-dergee line in Figure 1) occurs at E;[p] [E ] = 3.6 and therefore y =

3.6. In section 4.2.1, we derive that m — y = —1 and so we can infer m = 2.6. In other words, the underlying
inflation in New Zealand is 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.

4.3 Interpreting Treatment Effects in a Noisy-Information Model

We now consider how to interpret the experimental evidence described in section 3 in terms of a model of
noisy information. Equations (11) and (13) imply that manager i’s own expectation about the price level is
a linear combination of the public signal y and their expectation about the fundamental m, that is, E;(m).
When firms are provided with new private information, they revise their beliefs about m and,

correspondingly, about the price level. Specifically, a unit increase in E; (m) translates into ¢, unit increase

in E;[p] and ¢,.6 unit increase in E; [E [_]]

bx
E, [ [y + s | 2
[Er]] G R P LT =
We consider three types of signals provided to firms to be consistent with the experiment done in

the survey. First, we provide firms with E[p] (that is, the average of managers’ own expectations about
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inflation), EZ [p] (that is, the average expectation about other managers’ expectation about inflation), and
past inflation. Equations (18b) and (18d) indicate that if firms believe that this information has no noise,
then they can infer from these signals the exact value of m. In this case, their beliefs would all converge to
the same full information value. In the survey, it is clear that beliefs of different agents do not fully converge
after the provision of these information treatments. One potential way to avoid this extreme prediction from

the model is to assume that firms interpret received signals as having some noise. For example, the signal
for E[p] is given by

sp = E[p] + &5, (23)
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 = ¢,,Om + &g = Hgm +
&g with Hg = ¢,.8. Using Bayes rule, we can derive beliefs about m after observing g

E;(m|3p,x;,y) = Ey(m|x;, y) + P(3p — ¢xSE;(m|x;, ), (24)
where Pg = 8k~ 1,8 (kgt + (¢,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 ~
E; m)=(=1 PBHB)Ei (m) + Pgdp = —K51+(¢x5)25'€_1 E; (m) + Pg3p, (25)

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 kg, the precision of the signal 5. This is because we can measure (¢, 6)%8x ™1

directly as this is equal to the uncertainty of the prior belief (equation 18c). The uncertainty in the posterior

-1

beliefs Eip ost (m) is given by §k~1 W. Hence, under the assumption that agents perceive the
B X

information treatment as a noisy signal, the coefficient on the prior beliefs should help us recover the
perceived precision of that signal.

One can derive similar expressions for the signal about higher-order expectations:

—2
Sc=E [p] +éc = 1- ¢x62)y + ¢x62m +<c (26)
with §c~N(0,kz1) and an equivalent signal §; = ¢,6%m + & = Hom + & with H; = ¢,.62 so that

t ~ Kot ~
EP?*(m) = (1 = PeHO)E]™ () + PeSe = = Soe = BT (m) + PeSc 27)
-1
which has variance 8k ™1 m and Pp = 5k 1 62 (kz + (p62)?6Kk~ 1)1 is the gain from

the Kalman filter. Note that even if signals about first-order and higher-order expectations were perceived

14 Although s 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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as equally precise (kz! = kz1), we would have Py > P, that is, signal s receives a higher weight than
signal s, when firms update their beliefs. Intuitively, as we increase the order of expectations in the signal,
the signal contains less information about the unobserved m and gets 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 about the
information about the average higher-order belief. Given that we observe the opposite empirically in section
3, this suggests that signals about higher-order beliefs must be interpreted by agents as being significantly
more precise than signals about first-order beliefs.

If both signals are provided and the noise in the signals is uncorrelated, then

EP**'(m) = (1 — PyHp)E["* (m) + Pp3p, (28)
where Hy = [¢,8  ¢,.6%), Rp = diag{xg*,kc'}, and Pp = Sk *Hp,(Rp + 8k *HpH})™. When two
signals are provided, the variance of E L-p ost (m) is smaller than in the case when only one signal is provided.

Finally, we assume that providing firms with past inflation is equivalent to giving them signal s; =
¢Pmm + &g = Hgm + & where Eg~N (0, k5 1), Hg = m, and ¢,, measures the persistence of fundamental

m from one period to another. In this case,

-1
EP"(m) = (1 — PgHp)EP™* (m) + Pg§p = ——L2———EP"*(m) + Pg5;. (29)

Kg ' +(Ppm)28Kk 1
Note that this signal provides information about the fundamental directly so that, conditional on the prior,
the revision of beliefs in response to this signal does not depend on the strategic behavior of firms.
Equations (25), (27), (28) and (29) can be generalized to a generic signal S:
EPos[m] = (1 — PH)EF™®[m] + P§ (30)
which we can estimate by regressing post-treatment expectations on pre-treatment expectations and a
constant. Combining equations (22) and (30), one can show that the response of expectations of  and E [p]

to information is given by

Post 5 _ ¢y _ Pre I_? ¢x ~
E! [Fﬁ]] = PH [¢y+¢x(1_5)]y+(1 PH)E] [E[ﬁ]]+[5¢x] P3. (31)

Note that weight on the prior (1 — PH) is the same for low- and high-order expectations about the price
level. Equation (31) implies that, for a given signal, agents should update their first-order and second-order
beliefs about inflation by the same amount. This is remarkably consistent with what we observe in Table 2,
where we cannot reject the null of equality for responses of first-order and higher-order beliefs to each type
of information treatment.

With these results in mind, we revisit the quantitative response of expectations to our information
treatments reported in Table 2. When firms were provided with information about the mean forecast of

other firms (Treatment B), they assigned a 0.50 weight on the prior when they updated their first-order
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inflation expectations (column 1) and 0.43 weight when they updated their high-order inflation expectations
(column 2). 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 high-order beliefs respectively. Using equation (25) to

compute the precision of information provided in Treatment B and by = 1 — PgzHp (bg is the estimate slope

. . . . 1-b
in the regression of post-treatment expectations on pre-treatment expectations), we find: kg = b—BK =
B

b 1 05 1
1-bg * var(E;[plly)  1-05 " 3.062

=~ 0.1, that is, the signal is approximately as strong as the precision of

pre-treatment beliefs (given by k. + k).
We can then do the same analysis for other treatment groups. For group C (treatment with higher-
order expectations of other firms), the estimated weights on priors are considerably smaller: 0.09 and 0.12

for low- and high-order beliefs. These estimates suggest that firms would need to perceive a much higher
.. . ) .. . ) -b

precision of the signal in Treatment C than the precision of the signal in Treatment B: k. = % K = 9k.
C

The weights on the prior are similar in Treatment D. Finally, for firms receiving information about the past

realization of inflation, the weight on the prior is 0.059 for low-order expectations and 0.062 for high-order

. . . . L 1-b S
expectations. Thus, the precision of the signal about past inflation is kg = b—EK ~ 15k, which is
E

—2
qualitatively similar to the precision of the signal about E [m]. Explaining why firms adjust their
expectations so much more to information about past inflation or higher-order beliefs than first-order beliefs

therefore requires very large differences in implied signal precisions across these treatments.

4.4 Summary

We use a simple model of noisy information with infinite regress of expectations to interpret the data on
higher-order expectations from the survey. We 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 should 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

22



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 almost 10 times more precise than the signal about the first-
order expectations of other firms. Finally, the basic noisy-information model, which lacks capital or any
friction other than information rigidity, appears to be too simple to rationalize why firms respond to
information treatments by adjusting their employment and investment rather than their prices.

There are a number of potential ways to try and address the differences between our empirical results
and the baseline noisy-information model with infinite regress considered here. One approach would be to
augment the signal space with a semi-public signal. This could help generate additional idiosyncratic variation
in expectations and weaken the predicted link between first-order and higher-order expectations. A second
would be to make the model dynamic, which would generate variation in prior beliefs of agents even before
they receive their idiosyncratic signals. A third approach is to consider behavioral/cognitive constraints that
prevent agents from engaging in the infinite regress used in our stylized model. In the next section, we consider

novel empirical evidence to assess one such departure from infinite regress due to level-k thinking.

V. Level-k Thinking

Standard noisy-information models assume 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 discuss the results of a
beauty contest done in the survey which allows us to categorize the thinking types of firm managers. While
this approach to measuring thinking types is common in the experimental literature, it has not, to our
knowledge, been included in a survey that also obtains macroeconomic expectations. We further extend the
beauty contest question to study the beliefs of firm managers about the guesses of other managers. This
allows us to compare the properties of level-k behavior we observe with the predictions of existing models
of degrees of reasoning and cognitive hierarchy. We find that the higher-order beliefs in the guessing game
do not correspond with current models of level-£ thinking. We further find that a manager’s reasoning type

does not influence the manager’s reaction to information.

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

A k'"-level thinker provides the following guess:

2

g(k) = (g)k X 50 (32)

The distribution of managers’ guesses appears in Figure 2. 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 equation (32) between
k = 1and 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.'®
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'.

The average guess in our sample is 33 when we use all responses and 21 when we use guesses with
response time of 20 or more seconds. 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. Indeed, the thinking types of managers in our survey appear somewhat more dispersed than in
experimental studies. We see a greater density of thinkers at k = 0, partially due to the way we assign this
rating (as anyone who does less than 20 seconds of thinking about the question). 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.

We find that level of thinking is generally uncorrelated with observed characteristics of firms and
managers as well as industry fixed effects (Table 5). The only variable that is relatively robustly correlated
with level of thinking is the share of domestic sales in total sales. However, even for this variable the
quantitative strength of the link is weak: a standard deviation increase in the share is associated with a 0.14-

point decrease in the level of thinking.

5.2  Beliefs About Other Managers
The two primary models of limited reasoning (level-k thinking and cognitive hierarchy) have different

approaches to a participant’s beliefs about the types of other participants. In the Nagel level-k thinking model,

15 The guesses associated with k = 0 therefore fall throughout the [0,100] interval, rather than at 50 as in Nagel (1995).
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a level-k thinker believes that everyone else in the game performs at level (k — 1). Camerer, Ho, and Chong
(2004) develop a model of “cognitive hierarchy” that allows agents to form beliefs about the distribution of
other reasoning types in the sample. A level-k thinker is assumed to observe the correct frequency of thinkers
of his type and at levels below his own, but to incorrectly assume that there are no thinkers performing the
same or higher degrees of reasoning. As a result, he posits inaccurate relative frequencies of thinkers. As a
thinker’s reasoning type, k, increases and he observes the true frequencies of a greater number of types, his
expectation of the density over the sample becomes “increasingly rational” and closer to the true distribution
of types. Both of these models emphasize a particularly important aspect of level-k thinking: individuals
cannot conceive of thinkers at their own level or levels above. To do this would be to engage in the next level
of reasoning. Therefore, by definition, a level-k thinker must believe that he is the smartest player (or among
the smartest players) in the game.

We introduce a new question designed to elicit beliefs about the distribution of types so that we
may compare these beliefs with the modeling assumptions of these two models. Specifically, we ask
managers to provide a probability distribution over ranges of other managers’ guesses (this question appears
in Table 6). Note that we allow managers to choose dominated strategies (e.g., range 60 to 70) to avoid
priming of responses.

Table 7 (Appendix Figure 5) shows the average believed distribution of guesses for each thinking
level k as well as the true distribution across guesses (column 8) and the average belief across levels of
thinking (column 7). All thinking types believe that the majority of managers share their own type and all
managers at levels k < 3 assign probability to bins associated with players at levels both higher and lower
than their own. All managers underestimate the true dispersion of guesses. Accordingly, none of the
thinking types correctly conjectures the true density of types, nor do beliefs about the density become closer
to the truth with increasing k, as in Camerer, Ho, and Chong (2004). However, the average density across
types (column 7) is relatively close to the actual distribution of guesses (column 8), reflecting the fact that
i) a typical manager believes that other managers have the same level of thinking as the manager and i) as
we discuss below, managers appear to not use 2/3 of the average response of other managers. '

These results are not fully consistent with either level-k or cognitive hierarchy models. Roughly 80
percent of managers of all reasoning levels assign positive probability to multiple bins, a fact that is not
consistent with the Nagel model of reasoning. A level-k thinker as defined by the guess in equation (32)
should report positive probability on exactly one bin, the one associated with the level (k — 1) guess. A
level-k thinker from either model will also not place positive probability on the bin associated with her own

guess. For types k = 1,2,3, managers place an average probability of 0.72 to 0.77 on this bin, meaning they

16 Results are similar for k', an alternative coding for level of thinking.
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think that between 72 and 77 percent of other managers are the same type as them. All levels, k = 1,
assign positive probability to bins associated with thinkers beneath their own level, consistent with both
Nagel (1995) and Camerer, Ho, and Chong (2004). However, only types k = 4 report believing that a
majority of managers will fall into bins associated with lower level thinkers. Thinkers at types k < 3 also
report positive probability on bins associated with levels of k above their own.

These distributions, however, may still be internally consistent in the sense that guesses are equal
to two thirds of the average of the conjectured distribution of other managers’ guesses. In other words, to
win the prize, a manager should submit a guess of two-thirds of their believed average guess of other
managers.!” To test the consistency of a manager’s guess in the beauty contest game with their beliefs about
the average guess of other managers, we can estimate the following specification:

Gues "™ = b X E;[Guess'°] + error; (33)

ow

where Guess{"™ is the guess submitted by manager i, E;[Guess!°]

is manager i’s average guess for other
managers’ guesses. We find (Table 8) that the estimated b is generally close to one for managers with low
k and the estimated slope gets closer to 2/3 as k decreases. For example, for k = 4, we cannot reject the
null of b = 2/3 (but we can reject this null for k = 5). Note that when we compute the implied mean of
the reported distribution of other managers’ beliefs, we use mid-points of the bins provided in the survey
question. Generally, the results for low k are insensitive to using alternative assumptions for picking points
within bins, while the results for high k tend to be more sensitive to how one assigns weights within bins
because bins get increasingly coarse for high levels of thinking. With alternative assumptions, one may get
estimates of b closer to 2/3 for k > 3.

In summary, these results pose a puzzle for popular models in which agents are characterized by varying
depths of reasoning. First, managers assign positive probability of other managers having higher levels of
thinking. Second, many managers believe that other managers have the same level of thinking. Third, guesses

of low-level thinkers appear to be inconsistent with what these thinkers believe about guesses of other managers.

5.3  Expectations and Actions by Level of Thinking

In Appendix B, we extend the noisy information model of section 4 to a setting in which agents can be either
k=0, 1 or 2 in their level of thinking. For simplicity, we assume each type of agent believes all other agents
are of the same or lower level-k of thinking. In short, this model makes several predictions. First, in this setting,
agents with higher levels of thinking place more weight on the public signal as they are more cognizant of the
role of other agents’ expectations in their own optimal price-setting decisions. Second, mean expected

inflation should be broadly similar across level-k types, albeit higher level-k’s would have mean forecasts that

17 It may be the case that when asked directly about other managers, survey participants will engage an additional
level of reasoning that was not present when they formed their own guess or expectation.
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move more with the public signal. Third, because higher level-k agents place more weight on the public signal,
we should observe declining levels of disagreement in both first-order and higher-order forecasts with the
level of k, and the same prediction should hold for uncertainty in each type of forecast.

To assess these predictions, Table 9 documents how various moments of survey expectations from
Nez 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 low-
and high-order inflation expectations and are broadly consistent with theoretical predictions: low-k firms
should disagree more and should be more likely to have expectations with larger departures from
fundamentals. We also observe that as k increases, the degree of complementarity in pricing « tends to
increase as well. 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. In contrast, our theory predicts that ¢, ;
should decrease in k monotonically. Finally, while in our theoretical setting the cross-sectional correlation
between low- and high-order inflation expectations is perfect (recall that private signals x; is the only source
of variation in the cross-section), one might 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 low- and high-order inflation expectations is weakly increasing in k.

Appendix B also extends this level-k model to incorporate responses to information analogous to
the experiment described in Table 2. This analysis suggests that the response of managers to new
information should vary in the level of thinking, k, although the differences may be quantitatively small
given the observed strategic complementarity in pricing (), a high weight on private signals (J), and a
large share of level-0 managers (wy). To assess the degree of heterogeneity in the weight assigned to priors
across k, we estimate equation (1) for k equal to 0, 1, and 2+ and report results in Table 10.

The results are inconsistent with several key predictions made by the theory. First, level-0 firms
should not make a distinction between signals B and C because giving information about low-order
expectations or high-order expectations does not make a difference for this type of agents (these agents
iterate forward neither “prices” nor “expectations”). Inconsistent with this prediction, we observe that the
weight on the prior is systematically smaller for Treatment C than for Treatment B and the magnitudes are
similar to what is observed for k = 1 and k = 2. Furthermore, level-0 firms should not make a distinction
between signals B and D because they do not differentiate between information contained in expectations
and information contained in fundamentals. Again, this prediction is not borne out in the data. Hence, level-
0 managers in our data differentiate between signals just as much as higher-level agents, contrary to the
theory. Second, level-1 firms should respond differently to signal E than to signals B, C, or D and should
respond similarly to signals B and C (firms in this group understand the difference between fundamentals

and expectations but do not distinguish among orders of expectations). Again, we find no support for this
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prediction: level-1 managers distinguish sharply between signals B and C and between signal B and C/D,
just like other agents. Finally, our theory predicts that, ceteris paribus, the weight on the prior should be
increasing with the level of thinking. In contrast, we find little variation how much weight agents assign to
their priors relative to new information across different levels of k.

While we find no evidence that agents’ level of k affects how they respond to new information,
these cognitive constraints could still affect how information translates into their economic decisions. In
Table 11, we report the effects of inflation expectations on employment, investment, prices, and wages
from estimating equation (2) for each level k separately. We typically cannot reject equality of responses
for each outcome variable across different levels of k. Thus, not only do firms appear to process information
similarly for different levels of £, they also transmit revisions in their expectations into their economic
decisions in the same way regardless of their level of thinking.

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. This could be resolved in
future work through the use of larger samples to sharpen inference. Second, the amount of predicted
variation in sensitivity of beliefs and possible actions to new information across different & can be
quantitatively small 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. For example, values of « closer to zero would reduce the predicted
differences in reactions across k. A third caveat to bear in mind is that, 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 k& 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.

VI.  Concluding remarks

This paper presents novel survey evidence on the higher-order expectations of firms and how these
expectations affect their decisions. We find evidence that, along a number of key dimensions, is broadly in
line with noisy-information models in which firm managers face strategic complementarities in pricing,
requiring them to form higher-order beliefs about other managers. We also show how moments from
higher-order beliefs, along with first-order expectations, can help calibrate previously unknown parameters
in this class of models and test overidentifying restrictions implied by these models. These results can

therefore be of immediate practical use for future work using this class of models.
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Our results can also help identify along which dimensions these models could be extended. Indeed,
while simple models of noisy information can go a long way in rationalizing observed expectations of firms
and households, 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 in the form of level-k thinking. But our results suggest that this
approach is unlikely to be fruitful in accounting for apparent deviations between the data and theory. 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.

Particularly challenging for the noisy information model with infinite regress, as well as the
extended version of the model with level-k thinking, is understanding why treatments using higher-order
beliefs of other firms have such a large effect on the expectations of managers, particularly compared to
treatment effects from providing the first-order beliefs of other firms. While these results present a
theoretical challenge, they nonetheless should be of immediate interest to policy-makers. For example, our
results indicate that not all types of information move inflation expectations equally: providing information
about recent inflation and the higher-order expectations of other firms has much larger effects on beliefs
than providing them with information about the average expectations of other firms. Using this randomized
controlled variation in information received by managers, we also document that these information
treatments affect firms’ actions, not just their 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 treatments. 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 1. Expectations of future inflation and other managers’ inflation expectations.

St.dev. . Correlation with
# obs. Mean (disagreement) Uncertainty expected inflation
@) 2) 3 “4) ©)

Initial wave (pre experiment)
Expected inflation, 12-month ahead 1,032 3.41 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

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.
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Table 2. 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 3. Effect of Information Treatment on Actions.

Percent change in:

Treatment effect . Price of Main
(relative to control group) Workers Fixed Assets Product Wages
€)) 2 (©)) “
Treatment B (E[])
(EiPOSte”OT(n) — Eipri"r(n)) 0.407%** 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
Treatment C (€ [r]])
reatmen i3
(El?’o“erior(n) — 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
Treatment D (E[n] and EZ [n]]))
(EiPOSte”"T(n) — EiP”"T(n)) -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: (1r;_4)
(Eil’OSteTior (m) — ELP”'OT(”)) 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

Notes: The table reports the coefficient on the revision of a firm’s first-order inflation expectation in specification (2). 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. 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 4. 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
) L (0.222) (0.083) (0.053) (0.021)
EipOSte”"r [E(n)] — El?’”"r [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_ _ Eiprl’orn_ Eiposterior [E(TL’)] _ Eiprior [E(T[)]
| ) @
sp—E ' 0.906%** 20.044%%
(0.037) (0.019)
sc — EPOT[E ()] -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 (2). 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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Table 5. Predictors of level of thinking.

Sample
]lg’ef; evré(lizl;[ tﬁ?;ﬁi? All responses Responses with k > 0 Resp (;Illisszinv;lz} 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.

Table 6. Distribution of beliefs about other managers’ guesses in the beauty contest game.

Other managers are asked to guess a number from zero to 100, with the goal of making their guess as close
as possible to two-thirds of the average guess of all those participating in the contest. What percentage of
other managers’ guesses do you think will fall in each of the following ranges?

Range of Guesses Percentage of Other Managers
From 0t09.99 i %
From 10 t0 19.99 i %
From 20 t029.99 = eeeeiineeee %
From 30t039.99 = eeeiiieeeee %
From 40 t0 49.99 = iieiineees %
From 50 t059.99 = ieiiinees %
From 60t0 69.99 = eeeeeiiieeee %
From 70 t0 79.99  eeiiiiineeees %
From 80t089.99 it %
From90to 100 eeiieeeneeees %

Note: table reports the survey question to elicit manager beliefs about the distribution of guess submitted by other managers.
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Table 7. Beliefs about distribution of other managers’ guesses.

Level of thinking Average Actual memorandum

expected R .

Range of Guesses k=0 k=1 k=2 k=3 k=4 k=5 distribution  9istribution k=0
(1) (2) (3) (4) (5) (6) (7) (3) )
From 0 to 9.99 5.9 0.0 1.0 9.8 25.0 79.0 8.9 8.9 1.0
From 10 to 19.99 7.1 1.6 119 745 687 188 224 22.4 22
From 20 to 29.99 7.8 12.1 763 14.6 49 2.0 19.7 19.7 6.8
From 30 to 39.99 7.4 72.3 10.1 1.1 1.1 0.1 19.7 19.7 11.0
From 40 to 49.99 12.7 13.2 0.7 0.0 0.2 0.0 7.5 7.5 26.3
From 50 to 59.99 19.4 0.8 0.0 0.0 0.0 0.0 7.3 7.3 215
From 60 to 69.99 13.2 0.0 0.0 0.0 0.0 0.0 4.8 4.8 14.8
From 70 to 79.99 11.3 0.0 0.0 0.0 0.0 0.0 4.2 4.2 9.0
From 80 to 89.99 9.0 0.0 0.0 0.0 0.0 0.0 33 33 4.6
From 90 to 100 6.0 0.0 0.0 0.0 0.0 0.0 2.2 2.2 2.8

Notes: The table reports average probabilities assigned to the beliefs of other managers’ guesses. Column (7) is the average of columns
(1)-(6) weighted by the share of managers with level k thinking. Column (8) shows the actual distribution of guesses. Classification of
managers into various level of k is described in section 5.1. 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' are
identical for k > 0. Column (9) reports the average probabilities for k' = 0.

Table 8. Test of internal consistency of reported guesses in the beauty contest game.

Dependent Estimation sample:

variable: All

GuessOW™ responses k>0 k=0 k=1 k=2 k=3 k=4 k=5

@) 2 (©)) 4 ©) ©) (N ®)

E;[Guess9] 0.982%**  (0.912***  1.005***  (0.937***  (0.881%** (.932%** (. 707***  (.814***
(0.010) (0.005) (0.014) (0.005) (0.007) (0.012) (0.031) (0.054)

Observations 1,032 654 378 216 160 134 110 34

R? 0.950 0.985 0.943 0.992 0.989 0.979 0.938 0.887

p-value(slope=2/3) 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.01

Note: The table reports the estimated slope in specification (33) by level of thinking k. Classification of managers into various levels of
k is described in section 5.1. p-value(slope=2/3) reports the p-value for the null that the estimate is equal to 2/3. 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 9. 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‘;;?rzangum
€)) 2 (©)) 4 ®) () @)

Moment of own 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 high-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 low- and high-order inflation 0.48 0.66 0.68 0.70 0.71 0.79 0.65
expectations
Strategic complementarity in pricing, 0.68 0.69 0.75 0.56 0.84 0.82 0.82
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 5.1. 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 @, 8, ¢, Ky, k,, implied by these moments are calculated as in section 4. Precision of signals k, k,, is calculated using
disagreement in low- and high-order inflation expectations.
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Table 10. Revisions of beliefs by level of thinking

k=0 k=1 k=2
Own Higher- Own Higher- Own Higher-
Expectation order Expectations order Expectations order
pectations Expectations P Expectations P Expectations
@) (2) 3) 4 ©) (6)
Group A, Control 0.704%** 0.715%** 0.722%** 0.634%** 0.732%** 0.726%**
(0.042) (0.028) (0.033) (0.058) (0.035) (0.028)
Group B, B[] 0.554%%%  (284%%+ 0.522%%% (521 %%+ 0.446%%%  (.500%**
(0.109) (0.058) (0.068) (0.127) (0.061) (0.054)
=2 0.100%** 0.141%* 0.029 0.053 0.098** 0.127%**
Group C, E :
roup €, £ ] (0.031) (0.056) (0.021) (0.035) (0.038) (0.038)
- =2 0.082%** 0.079 0.107%** 0.028* 0.090%** 0.066**
G D, E dE '
roup D, EfmeJand B[] 7005 (0.049) (0.039) (0.014) (0.035) (0.028)
Group E, my_4 0.033* 0.065 0.103%** 0.036 0.071%** 0.102%*
(0.019) (0.048) (0.046) (0.031) (0.032) (0.044)
Observations 378 378 216 216 438 438
R? 0.753 0.785 0.777 0.755 0.719 0.723

Notes: The table reports the coefficient on managers’ pre-treatment inflation expectations in specification (1) by level of thinking k. Classification of
managers into various level of k is described in section 5.1. The dependent variable in each column is the post-treatment inflation expectation measured
immediately after treatment. All inflation expectations are measured at the one-year-ahead horizon. Columns (1), (3), and (5) are for firms’ own inflation
expectations. Columns (2), (4), and (6) present the same results for the expectation of other firms’ inflation expectations. 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 11. Effect of Information Treatment on Actions.

Percent change in:

Treatment effect k-level . Price of
(relative to control group) Workers Fixed Assets Main Product Wages
) 2 3) “)
Treatment B (E[])
(EPOSferiOT(ﬂ) _ Eprior(ﬂ)) k=0 0.597* 0.534%* 0.178 0.034
! ' (0.311) (0.252) (0.209) (0.035)
k=1 0.264 0.361 -0.058 0.000
(0.188) (0.240) (0.102) (0.000)
k=2 0.365 0.259 0.211 -0.027
(0.270) (0.201) (0.234) (0.021)

Treatment C (EZ [7]])

(Elposterior(ﬂ) _ Eiprior(n)) k=0 0.222 0.160 -0.145 0.014
(0.302) (0.100) (0.133) (0.020)

k=1 1.511 -0.724 2.182 1.252

(16.412) (8.896) (24.137) (14.267)

k> 2 1.203 0.170* -0.132 0.071

(0.780) (0.088) (0.127) (0.052)

Treatment D (E[TC] and EZ [7]])

(EPOSte”'OT(n) _ EPTiOT(n)) k=0 -0.219 0.239** 0.187* 0.031
' ' (0.390) (0.114) (0.113) (0.042)
k=1 -0.407 0.214%* -0.290 0.000
(0.425) (0.089) (0.192) (0.000)
k=2 -0.425 0.242%%%* -0.034 -0.014
(0.355) (0.092) (0.040) (0.009)

Treatment E: (1r;_4)
(EPOSteriOT(n) _ EPTiOT(n)) k=0 0.224%* 0.135% 0.006 0.005
' ' (0.123) (0.072) (0.073) (0.017)
k=1 0.791%%* 0.525%* 0.665 0.004
(0.319) (0.232) (0.605) (0.004)
k=2 0.390%** 0.352 -0.002 0.043
(0.119) (0.223) (0.084) (0.030)

Notes: The table reports the coefficient on the revision of firms’ first-order inflation expectations in specification (2) by level of thinking
k. Classification of managers into various level of k is described in section 5.1. 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. Robust standard errors are reported in parentheses. ***, ** and * indicate significance at the 0.01, 0.05 and
0.10 percent levels, respectively.

39



Figure 1. Own Expectations and Higher-order Expectations.
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Notes: The figure reports the relationship between a managers’ 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 3 for the wording of the questions). Expectations are for the one-year-ahead horizon.
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Figure 2. 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.

41



Online Appendix



Appendix A:

Additional Tables and Figures



15

10

5

0

-5

Appendix Figure 1. Revision of beliefs immediately after treatment: low-order beliefs.
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Appendix Figure 2. Revision of beliefs immediately after treatment: high-order beliefs.
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Appendix Figure 3. Revision of beliefs in the follow-up survey: low-order beliefs.
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Appendix Figure 4. Revision of beliefs in the follow-up survey: high-order beliefs.
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Appendix Figure 5. Beliefs about distribution of other managers’ guesses.
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Notes: This figure shows the average belief of each reasoning type (k = 0,1, 2, ...), about other managers’ guesses in the beauty contest
game. Individuals of each type believe that the majority of other managers provide guesses similar to their own. All thinking types
underestimate the true dispersion of guesses.
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Appendix Table 1. Descriptive statistics for the initial wave of the survey.

Mean St.dev.
@) 2

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
Level of thinking

k 1.50 1.51

k' 2.13 1.38

klk >0 2.37 1.24

Notes: the number of observations is 1,032.

Appendix Table 2. Predictors of selection into the follow-up wave of the survey.

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

@) 2 (©)) 4
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 3. 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 4. 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 2 with the regressor being the point prediction for inflation rather than implied mean. See

note to Table 2 for more details.
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Appendix Table 5. Effect of Information Treatment on Future Plans.

Percent change in:

Treatment effect . Price of Main
(relative to control group) Workers Fixed Assets Product Wages
@) 2 (€) “
Treatment B (E[])
(EiPOSte”OT(n) — 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 (EZ [7]D
(El?’o“e’”ior (1) — Eip”"’r (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[r] and EZ [7]])

(EiPOSte”"T(n) _ Eiprior(n)) -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: (re—1) '
(El?’OSte”‘””(ﬂ) _ Eip”or(ﬂ)) 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

Notes: The table reports the coefficient on revision of own inflation expectations in specification (2). 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. 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 6. Effect of Information Treatment on Actions, OLS.

Treatment effect

Percent change in:

Price of Main

(relative to control group) Workers Fixed Assets Product Wages
@) 2 (€) “
Treatment B (E[])
(EiPOSte”OT(n) — EiPT"OT(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
Treatment C (_EZ [7]]) '
(El?"’“e”or(n) — El_pnor(ﬂ)) 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
Treatment D (E[n] and EZ [7]]))
(El?"’“e”or(n) — El_pnor(ﬂ)) -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: (1r;_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

Notes: The table reports the OLS coefficient on revision of own inflation expectations in specification (2). 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 7. Effect of Information Treatment on Actions, higher-order expectations on the RHS.

Percent change in:

Treatment effect . Price of Main
(relative to control group) Workers Fixed Assets Product Wages
@) 2 (€) “
Treatment B (E[r])
EiPOSte”'OT[E(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
Treatment C (EZ [z]1D
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[r] and Ez 1)

EiPOSte”OT[E(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: (7;_1)
Eip"“e”"’r [E(n)] — El?’”'"r [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

Notes: The table reports the coefficient on revision of higher-order inflation expectations in specification (2). 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. 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 B:
Response to Information by Level-K
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Our discussion in Section 4 assumes that firms perform infinite iteration 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

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 =

(B1)

0,1,2. Alevel-0 firm will have pricing strategies in equation (11) 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

o 1+as+-+(ad)k

the public signal; that is, ¢y g > Px1 > @y and ¢y o < Py1 < Py 2 a8 Pyp = o) P and
¢y,k =1- ¢x,k-
The aggregate price-level will then be a weighted average of the pricing behavior of each type of firm
P = Xi=owip(k) (B2)

where wy, is the proportion of firms thinking at level-k and ﬁ = Prm+ 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] = dxoxi + (1 = dxo)y = 6x; + (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:

Ei1[P] = ¢r16%; + (1 — ¢x16)y (B3b)
Ei2[P] = ¢r26%; + (1 — ¢x26)y (B3b)
The aggregate expectation for each type is therefore:

Eolp] = by om + (1 - ¢x,o)y (B4a)
Fl [p] = by 10m + (1 - ¢x,15)y (B4b)
E,[p] = by 20m + (1 - ¢x,25)y (B4c)

Aggregating across types and firms gives:
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E[ﬁ] = Zi:o wkEk [ﬁ] = (wo(l - 5)¢x,0 + ¢_)x6)m + (1 - ((Uo(l - 6)¢x,0 + (l_)xa))ya (BS)
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:

Eio [E[ﬁ]] = ¢roXi + (1= Pyo)y = 6x; + (1 = 8)y, (B6a)

Ei,l[E[ﬁ]” = @1 Eilm] + (1 — ¢y 1)y = Px10x; + (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:

Eip [E[ﬁ]] = G2 20E[m] + (1= ¢228)y = ¢226%x; + (1 — ¢,28%)y. (B6c)
The aggregate higher-order expectations for each type are:

-2

Eo[p] = brom + (1= ¢ro)y (B7a)
-2

E:[pl = ¢Px10m + (1 - ¢x,15)y (B7b)
-2

E3[P] = ¢ 28%m + (1= ¢,26%)y (B7c¢)

The average higher-order expectation is then:

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

As Section 4.3 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 (23), will be

differently perceived by managers at different k levels.

Spo = Hpom+ &g = dyrom + &5 (B8a)
Sp1 =Hgim+¢Ep = by 10m+ &g (B8b)
Spa = Hgom+ &g = by 0m+ &g (B8c)

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

(B8), the effective signals are different. For level-0 firms:

$p0 = (Wo(1 = 8)ro + Px)M + (1 — (Wo(1 = ) pro + $x8))y + &g — (1 — dbrp)y
= ¢y om+ ((wo — Do + 8(w1¢x1 + wz¢x,2)) (m—-y)+¢p
= ¢rom+Eppo (B8a’)

where &5 = (((uo — Dpyo + 6(wy¢r1 + ﬂ)zfl)x,z)) (m — y) + &. Thus, level-0 firms interpret &5 o as
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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(fBlo) > 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 = dr10m+&p, (B8b’)

Spp =Hpim+&p1 = dyp0m+ &g, (B8¢”)
where &1 = (Wodxo + (Px — Px1)8) (M —y) + &5 and &z, = (Woyo + (Ex — $r2)8)(m—y) +
$p-

For each group, we can then show:

kgt .
EiI,J(?St [m] = (m) Eipre [m] + Pg,085,0 (B9a)

Post _ Kg' P o
B2 m] = (o rpes) EFTm] + P (B9b)

Postr 1 _ Kg' P .
B ) = () B+ Pt 59

where the coefficient on the prior corresponds to (1 — PH) in equation (25). Because ¢, < ¢y 1 < Py 0,
we can predict that the weight on the prior increases in level of thinking k.

Combining equations (B3), (B6) and (B9) gives:

[ p (¢xo)z6rc_1 ) 1_¢x,o] kgt Pre p x,0 -
EFPost|_ = (— +|—2——)E; — + P
Lo E[ﬁ] K§1+(¢x,o)25’€_1 1_(;bx,o Y "§1+(‘1’x,0)25’€_1 Lo E[ﬁ] ¢x,0 5,058,0
Post - p - =( (¢x,15)25;c—1 ) 1—¢,16 ( kgt ) Pre P ¢x,15] .

El,l E[ﬁ] K§1+(¢x,16)261c—1 1_¢x,16 Y K,'El+(§bx’15)26k'_1 El'l E[ﬁ] + ¢x,16 PB’ISB’l
o1 (e = (252555 (1 oontt - 3000+ ] * (o) ]
V2 E]l \kpt+(ex20) 61 (1 — 8(wo(1 = 8)Pyo + Px5)) K +(x20) 871 U1 |E[D]

¢x26]
’ Py ,S§
¢x’252 B,25B,2

Note that the difference in weight on priors across k is largely governed by variation in Hpg across k.
Given our parameter estimates for a and § as well as the distribution of types, we find that ¢, o = 0.80,
¢x16 = 0.59, ¢, ,6 ~ 0.55. Thus, while the model predicts differentiated responses to signals across k,
the differences could be rather small.

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:
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Sco=Heom+Eco = prom+Eco (B10a)

Sci=Heam+Ecq = dppi0m+Ec, (B10b”)

Sco=Heom+Ec, = ¢ra6?m+ &g, (B10c¢*)
where gc,o = [(1 —wo) Pyt W10 + w2¢x,252](y —-m) + ¢, 56,1 = [wo¢x,o + (1 —wy)Py16 +
W x26%)(y —m) + &, and &cp = [wodro + W1dx18 + (1 — W)y 267 (y —m) + &

Firms then update their expectations of the fundamental according to:

k! -
Efg*[m] = (m) E["¢[m] + Pco3c,0 (Blla)

Post _ Kzt P ~
E{{*[m] = (W) E{"¢[m] + Pc13c1 (B11b)

Post _ Kt P
Ei,ZOS [m] - <K51+(¢x’:‘62)26}c_1) E re [m] + PC ZSCZ (Bl lc)

Equations (B11a) and (B11b) 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 (B11) gives:

et ol = oS [ 2l + () [E m] gl Pesscs

Post b |_ ( (¢x.15)25’f_1 ) 1- ¢x,16 ( K’ Pre ¢x,16] ~
o [F[ﬁl] o )| A PR ) [y Peases

pPost [_5 ] _ (¢x.262) Skt [ 1= ¢y26 ] y
OAEDI \kpt + (¢r062) 01 ) 11— $x207

Kgl [ ] [d’xz ]
<x51 + (¢x,262)26x-1> ! a2

Given our parameter estimates for a and § as well as the distribution of types, we find that ¢, o = 0.80,

$x16 =~ 0.59, ¢, ,6% ~ 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

Ef™ (m) = (1= PpcHp ) El™ (m) + PpycSpye, (B12)
where Hp g = [$x0 Pxol’s Hp1 = [$x18 x16], Hpo = (P26 ¢426°], Rp = diag{kg* kc'3,
and Py, = 8k~ H}y . (Rp + Sk~ Hp k 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
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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:
Sampling Frame and
Response Rate



Appendix Table B.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 B.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 B.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 B.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




Appendix Table B.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
3z, 3z, ., ., 3z,
g5 Eg & g5 Eg & g5 Eg & g3 Eg2 & £ Eg &
wn < =4 wn < [ wn < =4 N e < [ N e < ~
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 B.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 »n E o E o E o E o E o
S85 ES5 Fo €85 ES5 B 285 EfSc 8o £85 EEL fo £35 EEL Fo
rES g gL gl g gL e g g8 gl gl g8 gl gIf s
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

65



Appendix Table B.7: Survey Framework of Main Wave, Total Firms

Number of Firms

Percentage of Firms

S 3 = S 3

Nz S 2 N % < 2

2% 2 & g %5 : g g

2 93 = 17} 2 3 &~ 7~

Fi fie £ fEs g
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 B.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
e e o o o e
2 o = 0 = 0 = o = o = o
g z g z g z g z g z g z
2 g & gE s ZE s EE s EE & gE =
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 B.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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