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Abstract—We use a survey experiment to generate direct evidence on how
people acquire and process information. Participants can buy different in-
formation signals that could help them forecast future national home prices.
We elicit their valuations and exogenously vary the cost of information. Par-
ticipants put substantial value on their preferred signal and, when acquired,
incorporate the signal in their beliefs. However, they disagree on which sig-
nal to buy. As a result, making information cheaper does not decrease the
cross-sectional dispersion of expectations. We provide a model with costly
acquisition and processing of information, which can match most of our
empirical results.

I. Introduction

CONSUMER expectations play a central role in modern
macroeconomics and finance. As a result, a growing lit-

erature studies survey data on expectations. One of the robust
findings in this literature is the large heterogeneity in con-
sumer expectations (Mankiw, Reis, & Wolfers, 2003; Coibion
& Gorodnichenko, 2012). This disagreement is important for
a number of reasons. Heterogeneity in expectations drives
trade in asset markets (Hong & Stein, 2007), explains vari-
ation in household portfolios (Meeuwis et al., 2018; Giglio
et al., 2019), reduces the effectiveness of policy announce-
ments (Angeletos & Lian, 2018), and causes inefficiencies
in allocations (Angeletos & Pavan, 2009). For these reasons,
the study of subjective expectations has increasingly gained
attention from policymakers (Bernanke, 2007).

The literature has explored various approaches to depart
from full-information rational expectations and generate such
heterogeneity. In models, the heterogeneity in expectations
emerges at three different stages of belief formation: infor-
mation selection, information acquisition, and information
processing. In early noisy rational expectations models of
asset markets (Grossman & Stiglitz, 1980) and in sticky in-
formation models (Mankiw & Reis, 2002; Reis, 2006), het-
erogeneity in beliefs emerges because only some agents ac-
quire information in a given period. In other noisy rational
expectations models, heterogeneity in beliefs arises because
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agents who acquire information select different pieces of in-
formation (Van Nieuwerburgh & Veldkamp, 2009) or agents
are simply assumed to see different pieces of information
(Lucas, 1972). Finally, there is a family of models where
the heterogeneity in expectations emerges at the information
processing stage, because those who acquire the same infor-
mation arrive at different posteriors: these include models
with idiosyncratic noise in signals or heterogeneity in signal
precision (Woodford, 2003; Sims, 2003), with heterogeneity
in behavioral biases (Bordalo et al., 2020) or with heteroge-
neous forecasting functions (Brock & Hommes, 1997).

The goal of this paper is to use experimental methods
to measure how each of these three stages of belief forma-
tion gives rise to heterogeneity in expectations. To this end,
we conduct an experiment in the Federal Reserve Bank of
New York’s Survey of Consumer Expectations (SCE). The
SCE is conducted on a nationwide sample of households,
broadly representative of the U.S. population. In our experi-
ment, respondents can select, acquire, and process informa-
tion. Moreover, we create exogenous variation in the informa-
tion acquisition costs, which allows us to measure the effects
of these costs on the heterogeneity in expectations.

The experimental design is inspired by the recent liter-
ature on information-provision experiments in surveys. For
example, Armantier et al. (2016), Cavallo, Cruces, and Perez-
Truglia (2017), Binder and Rodrigue (2018), and Coibion,
Gorodnichenko, and Weber (2019) use this method to study
household inflation expectations, while Armona, Fuster, and
Zafar (2019) and Roth and Wohlfart (2020) apply it to home
price expectations and GDP growth expectations, respec-
tively.1 These studies provide a random subset of respondents
with a piece of information and measure the corresponding ef-
fects on expectations. In the real world, however, individuals
are rarely offered hand-picked information by academics. In-
stead, they have to find the information on their own, having
to choose from multiple information sources and incurring
acquisition costs. In our experiment, we study a more realis-
tic information acquisition environment in which agents have
to acquire the information at a cost and have a choice of the
information sources they want to see.

The main survey underlying our study was conducted in
February 2017 as part of an annual SCE special module on
the topic of housing. While the experimental design can be
applied to many contexts, we provide an application to the
context of home price expectations. This choice is motivated

1Coibion, Gorodnichenko, and Kumar (2018) and Coibion, Gorod-
nichenko, and Ropele (2020) study firms’ expectations (and their effect
on behavior) in a similar manner. The former paper also investigates which
macroeconomic variables firms track and how firms acquire information
about economic conditions.
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1060 THE REVIEW OF ECONOMICS AND STATISTICS

by the fact that home price expectations play a prominent
role in many accounts of the housing boom that occurred
during the mid-2000s in the United States (Shiller, 2005;
Glaeser & Nathanson, 2015; Gennaioli & Shleifer, 2019;
Kaplan, Mitman, & Violante, 2020). Furthermore, individu-
als’ home price expectations measured in surveys have been
shown to be associated with real behavior, such as buying or
making investments in a home (Armona et al., 2019; Bailey
et al., 2018). Given the prominence of housing in house-
hold portfolios, these decisions can have substantial welfare
consequences.

The experimental design has four stages. In the first stage,
respondents report their expectations about the national me-
dian home price for the end of the year (their “prior belief”).
In the second stage, which occurs much later in the survey,
respondents are informed that their forecast will be reelicited
and incentivized: if it falls within 1% of the realized price, the
respondent is eligible for a monetary reward. Half of the re-
spondents are randomly assigned to a reward that pays $100
with a probability of 10%. The other half is assigned to a
reward that pays $10 with a probability of 10%. This varia-
tion in rewards generates exogenous variation in the benefits
from having accurate expectations, which we use to test ba-
sic predictions of models of endogenous information acquisi-
tion. Before the belief reelicitation, respondents are given the
opportunity to choose among different pieces of information
that could be useful for their forecasts: they can choose to see
the national home price change over the past one year (+6.8%
at the time of the survey), the national home price change
over the past ten years (−0.1% annually), or the average ex-
pert forecast of home price growth during 2017 (+3.6%).
Respondents can also state that they do not want to see any
information.

In the third stage, we elicit each respondent’s willingness to
pay (WTP) for their most preferred piece of information. We
use an incentive-compatible “multiple price list” method. We
ask respondents to choose either information or a payment
between $0.01 and $5.00 in eleven scenarios; one scenario
is then randomly chosen, and the corresponding choice is
implemented. This creates exogenous variation in the cost of
acquiring information. In the fourth stage, respondents get
to see their preferred piece of information if they drew a
scenario in which they chose to see information. The survey
concludes with the reelicitation of home price expectations
of all respondents (the “posterior belief”).

Our headline empirical result is that in our setting with
endogenous information acquisition, lowering the cost of in-
formation does not cause lower cross-sectional dispersion in
expectations. To understand why, it is useful to go through
the findings in the various stages of the experiment.

The first finding is that respondents differ in their preferred
piece of information: 45.5% chose the forecast of housing
experts, 28% chose the past one-year home price change,
22% chose the past ten-year home price change, and the
remaining 4.5% reported preferring no information at all.
The information sources that we offered in our experiment

vary markedly in terms of their informativeness. One reason-
able way to rank them, although certainly not the only one,
is based on their ex ante predictive power during the years
leading up to the survey. Based on this criterion, the expert
forecast is the most informative, closely followed by the past
one-year change and then the ten-year change. We find that
sophisticated respondents, as measured by their education or
numeracy, are substantially more likely to choose the expert
forecast than less sophisticated respondents. This finding sug-
gests that at least part of the variation is due to heterogeneity in
cognitive abilities that are helpful in identifying informative
signals.2

The second finding is that respondents are willing to pay
for the information, and once they acquire it, they incorporate
it into their expectations. The average respondent was willing
to forego $4.16 to see their preferred piece of information,
which is larger than the expected accuracy reward and thus
suggests that respondents want to acquire information beyond
their interest in our experiment. We find strong support for
a basic prediction of models of endogenous information ac-
quisition: the average willingness to pay is about 20% higher
in the $100 reward condition than in the $10 reward condi-
tion.3 As the demand for information decreases in the cost,
a lower acquisition cost results in more respondents acquir-
ing information. We also find that respondents incorporate
the information they acquire in their posterior belief; indeed,
the information learned persists months after the information
was acquired.

Jointly, these two findings explain why lowering the cost
of information did not cause lower cross-sectional dispersion
in expectations. On the one hand, more access to information
tends to reduce the dispersion in posterior beliefs within a
group that obtains the same signal. For example, the beliefs
of respondents who chose and obtained the expert forecast (a
signal of 3.6%) become more compressed around 3.6%. On
the other hand, more access to information tends to increase
the dispersion in beliefs across the three groups, because each
group acquires a different signal and the signals were far
apart. These two opposing effects are similar in magnitude
and thus end up canceling each other out.4

In addition to the main result discussed above, we docu-
ment a number of novel insights about the three stages of
belief formation. We find that numeracy matters at several
stages of belief formation. High-numeracy individuals are

2It could certainly be the case that some respondents use other criteria. For
instance, some respondents may distrust experts (Cavallo, Cruces, & Perez-
Truglia, 2016). In a supplementary survey, we explore the role of trust in
experts as a driving factor for preferences over pieces of information. We do
find that less-educated respondents exhibit lower levels of trust in experts.
However, these differences in trust can explain less than a quarter of the
education gap in preferring experts.

3As a measure of effort spent on information processing and updating,
we use the time spent on the relevant survey screens. We find that this time
spent increases in the possible reward and the revealed valuation for the
information.

4Moreover, using a supplementary survey on a completely separate sample
of respondents, we show that this result persists even when individuals are
allowed to see more than one piece of information at a time.
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EXPECTATIONS WITH ENDOGENOUS INFORMATION ACQUISITION 1061

less likely to prefer not to see any signal (and more likely
to choose the expert forecast), have a higher willingness to
pay for their preferred information, and incorporate their pre-
ferred information more into their beliefs (conditional on
seeing it). Prior literature has documented a positive relation-
ship between cognitive abilities and accuracy of expectations
(D’Acunto et al., 2019). Our paper provides direct evidence
on why such patterns may exist. Furthermore, we find that
respondents who are more confident in their existing knowl-
edge of the housing market, as indicated by low uncertainty
in their prior forecast or their indicating that they have previ-
ously looked up house price information, have a significantly
higher WTP for the information (contrary to what one might
have hypothesized). With regard to updating, we find patterns
that at first sight, run counter to the basic Bayesian model:
individuals who have less uncertain prior beliefs put more
weight on the purchased information and spend more time
on processing the information.

To interpret our experimental findings, we introduce a
novel rational inattention model with ex ante heterogeneous
agents. The agents have a choice among different pieces of in-
formation. They face a fixed cost of acquiring information and
a variable cost of processing information (i.e., paying more
attention to displayed information is costlier). Agents differ in
terms of the marginal cost of processing information and the
incentive to have an accurate posterior. Under the assumption
that this incentive is negatively correlated with prior uncer-
tainty (i.e., respondents who enter the experiment with more
precise beliefs tend to value information more), the model can
match all experimental findings that at first seem puzzling:
respondents with lower prior uncertainty have a higher will-
ingness to pay for information, spend more time processing
the information, and revise their beliefs more. Similarly, if
low numeracy is a proxy for a high marginal cost of process-
ing information, the model is consistent with low-numeracy
respondents having lower willingness to pay for information
and putting less weight on purchased information. Finally,
agents in the model rank pieces of information differently
because they have heterogeneous beliefs about the precision
of different pieces of information.5

Our paper makes three main contributions. First, it shows
that disagreement about what sources of information to rely
on can play an important role in explaining the dispersion
in consumer expectations. Our findings imply that even if
the cost of acquiring information fell to zero, we would still
observe substantial dispersion in expectations. Disagreement
about information sources may also explain why dispersion in
expectations among consumers tends to be much larger than
it is among experts (who are likely more similar in terms of
information they look at), even though the estimated informa-
tion acquisition costs are not larger for consumers (Coibion

5In the simplest version of the model that illustrates the main channels,
this heterogeneity in beliefs over precisions is simply taken as given. In an
extension, agents have a common prior over precisions, and heterogeneous
beliefs arise endogenously due to cognitive limitations at the stage where
agents select pieces of information.

& Gorodnichenko, 2012). Our results further suggest that
the findings from randomized information experiments can
be misleading if the information acquisition process is not
endogenized.6 More broadly, our results can reconcile two
important trends over the past decades: the costs of informa-
tion acquisition have gone down and yet polarization of views
in many areas has gone up. As costs of information acqui-
sition decrease, a larger fraction of the population acquires
information—but if agents choose to see different pieces of
information, polarization of views may increase.

Second, we provide direct empirical micro-evidence to in-
form theoretical work on inattention models. By measuring
choice, valuation, and use of information, we collect data
at each stage of the expectation formation process. We find
that the first and the third stages are particularly important. A
model that combines a choice of which information to look at
and an endogenous information-processing margin is needed
to match the patterns in the data. Existing models typically
do not combine these two features, and hence may offer only
an incomplete picture of the expectation formation process.

Third, we show that an individual’s prior uncertainty is
correlated with behavior at each stage of the expectation
formation process. We interpret this as evidence of a selec-
tion effect: some individuals care more about having accu-
rate beliefs on house prices. They likely acquired and pro-
cessed more information on house prices before the exper-
iment (hence, the low prior uncertainty), and they acquire
and process more information during the experiment. This
finding has one immediate implication: reduced-form ap-
proaches that investigate the relationship between prior un-
certainty and expectation updating may not be informative
tests of Bayesian updating. However, we note that existing
evidence on the relationship between prior uncertainty and
updating is somewhat mixed.7 One speculative explanation,
which should be examined in future work, is that prior un-
certainty is more likely to be endogenous in cases where
the variables over which expectations are being formed are
of first-order importance to the individual (housing or labor
market).

The rest of the paper proceeds as follows. Section II in-
troduces the research design and survey. Section III presents

6Endogenous information acquisition has been studied in other contexts,
such as hiring decisions (Bartoš et al., 2016), tax filing (Hoopes, Reck,
& Slemrod, 2015) and salary negotiations (Cullen & Perez-Truglia, 2017).
Additionally, some laboratory experiments have been used to study demand
for information in stylized settings (Gabaix et al., 2006). Burke and Manz
(2014), in a laboratory experiment, investigate the demand for different
types of information in the context of inflation expectations. Specifically,
respondents are asked to forecast inflation and can choose up to three free
information sources from a menu with seven items. Similar to us, they find
an important role for economic literacy/numeracy: economically literate
respondents choose better sources and use them more effectively.

7In the context of inflation expectations, respondents with higher prior
uncertainty tend to react more to the provided information (Armantier et al.,
2016; Cavallo et al., 2017; Coibion et al., 2018), while in the context of house
price and labor market expectations, Armona et al. (2019) and Conlon et al.
(2018) do not find that to be the case. In our supplementary survey, we also
replicate our finding that respondents with higher prior uncertainty update
less when receiving information.
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1062 THE REVIEW OF ECONOMICS AND STATISTICS

the empirical analysis. Section IV describes the theoretical
model and discusses how its predictions compare to the ex-
perimental findings. The last section concludes.

II. Research Design

A. Survey Module

Our main survey module was embedded in the 2017 hous-
ing supplement of the Federal Reserve Bank of New York’s
Survey of Consumer Expectations (hereon, SCE Housing
Survey). Appendix E provides screenshots of the relevant
module. The survey module proceeded as follows.

Stage 1: Prior belief. This stage elicits individuals’ expec-
tations of future national home price changes. Respondents
were informed that according to Zillow, the median price of
a home in the United States was $193,800 as of December
2016.8 The respondents were then asked for a point forecast:
“What do you think the value of the typical home in the U.S.
will be at the end of this year (in December 2017)?” To prevent
typos in the responses, the survey environment calculated and
reported the implied percentage change after individuals en-
tered the value. Individuals could confirm the number and
proceed to the next screen or revise their guess. We refer to
the response to this question as the respondent’s “prior be-
lief.” The survey also elicited the respondents’ probability
distribution over outcomes around their own point estimate;
specifically, they were asked to assign probabilities to five
intervals of future year-end home price changes: more than
10% below their point forecast; between 10% and 1% below
their forecast; within +/−1% of their forecast; between 1%
and 10% above their forecast; and more than 10% above their
forecast.

Stage 2: Information preferences. After answering a block
of other housing-related questions for roughly 15 minutes,
respondents entered the second stage. They were notified that
the same questions about future national home prices that
were asked earlier in the survey would be asked again, except
this time their responses would be incentivized: “This time,
we will reward the accuracy of your forecast: you will have
a chance of receiving $[X]. There is roughly a 10% chance
that you will be eligible to receive this prize: we will select at
random 60 out of about 600 people answering this question.
Then, those respondents whose forecast is within 1% of the
actual value of a typical U.S. home at the end of this year will
receive $[X].” We randomly assigned half of the respondents
to X = $100 (“high reward”) and the other half to X = $10
(“low reward”).

Before providing their forecast, respondents were given an
opportunity to see a potentially relevant piece of information:

8They were then asked how the price changed over the prior one year
(since December 2015) and the prior ten years (since December 2006).
They also were asked to rate their recall confidence on a 5-point scale.

Before you report your forecast, you will have
the opportunity to see only one of the following
pieces of information that may help you with
forecasting future year-ahead U.S. home prices.
Please rank the following pieces of information
on a 1 to 4 scale, where 1 is “Most Preferred”
and 4 is the “Least Preferred”:

___ Change in the value of a typical home in
the U.S. over the last one year (2016).

___ Change in the value of a typical home in
the U.S. over the last ten years (2007–
2016).

___ Forecasts of a panel of housing experts
about the change in U.S. home prices over
this coming year (2017).

___ None of the above—I would not like to
see any information.

Stage 3: Valuation of information. This stage, which imme-
diately followed the second stage, elicited the respondents’
valuation, or willingness to pay (WTP), for their highest-
ranked information type. Respondents who ranked “None
of the above” as their most preferred information in stage
2 skipped this stage. To assess WTP, we used the multiple
price list version of the Becker-DeGroot-Marschak (BDM)
method (Andersen et al., 2006) with eleven scenarios. In each
scenario, respondents chose between seeing their preferred
piece of information (the one they ranked highest in stage 2)
or receiving extra money in addition to their compensation for
completing the survey. The amount of money offered in these
scenarios was predetermined and varied in $0.50 increments,
from $0.01 (in scenario 1) to $5 (in scenario 11). Respon-
dents were told that one of these eleven scenarios would be
drawn at random and the decision in that randomly chosen
scenario would be implemented.

Stage 4: Posterior belief. In this stage, the respondent may
be shown their highest-ranked information choice, depending
on the randomly chosen scenario in stage 3 and their choice
of whether to see the information in that scenario.9 Year-
ahead home price expectations (the point estimate and the
subjective belief distribution) that were elicited in stage 1
were reelicited from all respondents. We refer to the point
estimate from this stage as the “posterior belief.”

We used the Zillow Home Value Index (ZHVI) as the
source for prices of the typical (median) home in the United
States over the previous one or ten years.10 According to the
ZHVI, U.S. home prices decreased by 0.1% per year on av-
erage (or 0.9% in total) over the ten years 2007 to 2016 and

9In Stage 3, the scenarios 1 to 11 were picked with probabilities 0.15,
0.14, 0.13, 0.12, 0.11, 0.10, 0.09, 0.07, 0.05, 0.03, and 0.01, respectively.

10For more information on the construction of the ZHVI, see http://
www.zillow.com/research/zhvi-methodology-6032/ (accessed December
8, 2017). We used the ZHVI as of December 2016.
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EXPECTATIONS WITH ENDOGENOUS INFORMATION ACQUISITION 1063

increased by 6.8% over the prior one year (2016). The Zillow
Home Price Expectations Survey, a quarterly survey of about
100 economists, real estate experts, and market strategists,
was the source for the expert forecast.11 On average, experts
forecast an increase of 3.6% in home prices during 2017. Note
that all these information sources are publicly available.

A paragraph providing the information followed a similar
structure in all three cases. The raw information was provided,
followed by a naive projection of home prices in December
2017 based on the annual growth rate implied by the infor-
mation. For instance, respondents who chose expert forecast
were presented with, “The average forecast of a distinguished
panel of housing market experts who participate in the Zillow
Home Price Expectations Survey is that home values in the
U.S. will increase by 3.6% over the next year. If home val-
ues were to increase at a pace of 3.6% next year, that would
mean that the value of a typical home would be 200,777 dol-
lars in December 2017.” Respondents were also reminded
about their prior belief. At the bottom of this same screen,
expectations about year-end home prices were reelicited.

Afterward, respondents were picked at random to be eli-
gible for the incentive, as indicated in stage 2, and eligible
respondents were informed at the end of the survey that they
would be paid the $10 (or $100) reward in case of a successful
forecast (within 1% of the December 2017 ZHVI) in early
2018.12 At the end of the survey, respondents were also asked
whether they had used any external sources (such as Google
or Zillow) when answering any question in the survey.

B. Information Sources

Our design tries to mimic real-world information acquisi-
tion and processing, albeit in a stylized setting. A key feature
of our setup is that respondents are presented with three pos-
sible pieces of information, which they are asked to rank in
terms of their preference, including a no-information option.
This feature of the design was meant to test whether indi-
viduals have some reasonable idea or consensus about the
usefulness of the information. However, no single criterion
can measure informativeness. One reasonable metric of in-
formation usefulness is how well the source has historically
predicted past year-ahead home price changes in the United
States.

Let HPAt denote the actual home price change during year
t. Let HPAF

t be the mean forecast of experts about home
price changes for year t, HPAt−1 the annualized home price
change over the past one year, and HPAt−10 the annualized
home price change over the past ten years. For each piece
of information It ∈ {HPAF

t , HPAt−1, HPAt−10}, we define its
informativeness as the root mean squared error (RMSE) of
a model HPAt = It . To calculate the RMSE of each piece

11For details, see https://pulsenomics.com/Home-Price-Expectations
.php. We used the average forecast as of the fourth quarter of 2016.

12Payments to those who qualified and met the reward criterion were made
in March 2018. Fourteen respondents received a payout (half of them $100
and the other half $10).

of information, we use the Zillow Home Value Index as the
outcome (i.e., as our measure of HPAt ), because it is the
same outcome that we are asking the subjects to forecast in
our survey. Using these data, the RMSE for experts’ forecast
is 2.8, the RMSE for past one-year changes is 3.2, and the
RMSE for past ten-year changes is 7.9 when using the longest
available series (the experts’ forecast is available since 2010,
and the ZHVI since 1996). Based on these results, the expert
forecast has been the most informative in predicting year-
ahead home price changes, followed by past one-year change
and then the ten-year change.13

This criterion for ranking the informativeness of the sig-
nals is consistent with existing literature. First, the fact that
the forecasts are ranked highest is consistent with the view
that experts use all available information in past home price
changes optimally when providing a forecast. Additionally,
this criterion is consistent with the model of Carroll (2003),
in which consumers periodically update their expectations
based on reports of expert forecasts, which are assumed to be
rational. Second, the higher ranking of past one-year home
price change relative to past ten-year change is consistent
with the well-documented momentum in home prices over
short horizons (Case & Shiller, 1989; Guren, 2018; Armona
et al., 2019). For instance, for the nominal CoreLogic national
home price index from 1976 to 2017, the AR(1) coefficient
of annual growth is 0.73 and highly statistically significant,
with an R2 of 0.57. In contrast, regressing one-year growth
on growth over the previous ten years yields a small and in-
significant negative coefficient.

Although reasonable, our criterion is not the only one that
can determine the usefulness of information. For example,
according to the ZHVI, U.S. home prices increased by 6.5%
during 2017. Thus, based on ex post accuracy, using the past
one-year change would have led to the most accurate forecast.
By this same ex post metric, however, it remains hard to
rationalize picking home price change over the past ten years
over either of the other two pieces of information.

Finally, note that our design elicits beliefs about na-
tional home prices, as opposed to local home prices. Be-
liefs about local prices may be of more direct relevance to
the household’s decision making. However, we decided to
elicit national home price expectations for two main reasons:
(a) while surveys like the Zillow survey ask experts for na-
tional price forecasts, to the best of our knowledge, there are
no comparable data where the same experts are asked for
price forecasts at a local level, and (b) using national home
prices simplifies the research design enormously because we
do not have to deal with local heterogeneity.14

13This ranking remains the same when we use only data since 2010 for all
three series (in this case, the one-year RMSE is 3.3, and the ten-year RMSE
is 5.2). When a longer home price index series from CoreLogic (starting in
1976) is used, the ranking also remains consistent.

14For example, when two individuals report different expectations about
national prices, that difference can be interpreted directly as disagreement,
because they are forecasting the same random variable. This is not the case
when individuals report their own local home price expectations, because
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C. Survey Implementation

The SCE Housing Survey has been fielded annually every
February since 2014 and contains multiple blocks of housing-
related questions, some of which distinguish between owners
and renters.15 This survey is run under the Survey of Con-
sumer Expectations, an Internet-based survey of a rotating
panel of about 1,400 household heads from across the United
States. Respondents participate in the panel for up to twelve
months, with a roughly equal number rotating in and out of
the panel each month. Active panel members who had par-
ticipated in any monthly survey in the prior eleven months
were invited to participate in the housing module. Out of
1,489 household heads who were invited, 1,162 participated,
implying a response rate of 78%. Item nonresponse is ex-
tremely uncommon and rarely exceeds 1% for any question.
The median total survey time was 37 minutes.

Of the 1,162 valid responses, we trim the sample by drop-
ping 43 respondents: those with prior beliefs below the 2.5th
percentile (an annual growth rate of −7.1%) or above the
97.5th percentile (an annual growth rate of 16.1%). These
extreme beliefs may be the product of typos or lack of atten-
tion. As the prior belief was reported before the treatments,
dropping these extreme prior beliefs should not contaminate
the experimental analysis. Typos may also be present in poste-
rior beliefs, but dropping individuals based on posttreatment
outcomes could contaminate the experimental analysis. In-
stead, we winsorize the posttreatment outcomes using the
same extreme values presented above (−7.1% and 16.1%).16

Four months after the initial survey, a short follow-up was
fielded to active panelists in the June 2017 monthly SCE.
As in stages 1 and 4 of the main survey, respondents were
asked to report their expectations about year-end U.S. home
prices. We kept the identical frame of reference: we provided
individuals with the median U.S. home price as of December
2016 and asked them to forecast the value in December 2017.
Both the point estimate and subjective density were reelicited.
Of the 1,162 respondents who took the SCE Housing Survey,
762 were still in the panel in June and hence eligible to take
the follow-up: 573 did so, implying a response rate of 75.2%.

An additional module was fielded in the 2018 SCE Hous-
ing Survey. Since the main purpose of that module is some
robustness checks and because that sample has no overlap
with the sample in the original study, we defer the details to
appendix B.

Appendix A.1 provides additional details about the survey
implementation and descriptive statistics about the respon-
dents. This appendix shows that consistent with successful
treatment randomization, the subjects’ pretreatment charac-
teristics are balanced across the treatment groups: only 3

those living in different locations would be making forecasts about different
random variables.

15See Armona et al. (2019) and https://www.newyorkfed.org/microeco
nomics/sce/housing#main.

16For the beliefs from the follow-up survey (discussed next), we winsorize
the values in the same way. Results are robust under alternative thresholds.

of the 34 pairwise comparisons (by either price of the in-
formation or incentive randomization) are significant at the
10% level, as would be expected by chance. Furthermore,
respondents to the baseline and follow-up surveys are similar
in observable characteristics, and there is no evidence that
the treatment assignment affected the response rates to the
follow-up survey.

III. Empirical Analysis

A. Prior Beliefs and Uncertainty

The mean (median) home price expectation in the initial
stage is 2.2% (1.7%), with substantial dispersion across re-
spondents: the cross-sectional standard deviation of prior be-
liefs is 3.1%. To assess if individuals felt confident about
their expectations, we look at the probability distribution of
beliefs around the individual’s point estimate. The average
respondent believed that there was a 51% chance that the
true price would fall within 1% of their guesses; however,
there was high dispersion in the degree of certainty. We use
the responses to the probability bins to measure prior uncer-
tainty at the individual level: we fit the binned responses to a
normal distribution for each individual and use the estimated
standard deviation of the fitted distribution as a measure of
individual-level uncertainty, with higher values correspond-
ing to higher uncertainty (for more details, see appendix A.2).

B. Ranking of Information Sources

What happens when individuals with uncertain prior be-
liefs are offered the chance to acquire information? Figure 1a
shows the ranking distribution for the different information
types over the whole sample. Individuals disagreed on which
of the three pieces of information they would want to see:
45.5% chose the expert forecast, 28.1% chose the last-one-
year home price change, 22.1% chose the last-ten-year home
price change, and the remaining 4.3% preferred no informa-
tion. The past predictive power criterion indicated that the
expert forecast was most informative, followed by the one-
year home price change and then the ten-year home price
change. Thus, the popularity of the choice is increasing with
its informativeness. However, this correlation is far from per-
fect: less than half of the sample chose the most informative
signal (i.e., expert forecast), and more than a quarter chose
no information or a signal that in the past had little predictive
power.

This heterogeneity in the ranking of information could be
driven by consumers’ lack of knowledge about the relative in-
formativeness of the signals or by respondents using different
criteria to determine the informativeness of the signals. Sys-
tematic differences in ranking by education or numeracy of
respondents, which are reasonable proxies for ability to filter
signals, would suggest evidence of the former.17 Figures 1b

17Our numeracy measure is based on five questions; see appendix A.3 for
details.
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FIGURE 1.—TYPE OF INFORMATION MOST PREFERRED

(a) The distribution of the type of information most preferred by individuals to help them with forecasting future year-ahead U.S. home prices. (b) Provides the same information according to the level of numeracy,
and (c) according to the level of education. P-value of difference (in panels b and c) tests for whether the distribution of most preferred information source differs by that characteristic.

and 1c thus break down the information choices by respon-
dents’ numeracy and education, respectively, and show that
individuals with more education or higher numeracy were
substantially more likely to choose the “best” information:
college graduates chose the expert forecast 50% of the time,
compared with nongraduates who chose it 40% of the time
(p-value < 0.01). They are also substantially less likely to
choose not to see any information or choose the past ten-year
home price change, the least informative signal.

Table 1 further explores the heterogeneity and reports bi-
variate relationships between the choice of information and
various individual- and location-specific characteristics. The
dependent variables in columns 1 to 4 correspond to dummy
variables indicating the highest ranked piece of informa-
tion.18 Besides numeracy and education of respondents, only
a handful of variables are significant, suggesting that observ-
able characteristics (at the individual or location level) cannot
explain much of the heterogeneity in how individuals rank
information. Homeowners and individuals who are likely to
be active housing market participants, as measured by the
reported probability of moving and buying a home within
the next three years, are less likely to choose no information
source (column 4). Conditional on choosing an information
source, homeowners are 8.8 percentage points more likely
to choose the past-one-year information (and less likely to
choose the expert forecast), while active housing market par-
ticipants are significantly more likely to choose the forward-
looking signal. Individuals who report looking up informa-
tion during the survey are significantly more likely to choose
the expert forecast, the information source that would ar-
guably be the hardest to find.19 We also see that individu-

18The results are qualitatively similar using multivariate regressions, as
reported in appendix table A.3. Fewer estimates are, however, statistically
significant in the multivariate setup due to the dependence of the covariates.
The results are also robust if instead of a linear probability model, we use
a multinomial logit model.

19At the end of the survey, we asked respondents whether they had
searched for information online during the survey, explaining that doing
so was permitted: 14% of the sample reported doing so. Interestingly, the
search rate was not statistically different for respondents who were assigned
the high reward treatment (14.7%) and those assigned the low reward treat-
ment (13.3%); p-value = 0.49.

als who report having looked up information about home
prices in the past twelve months (and hence are arguably
better informed) are in fact less likely to choose no informa-
tion, suggesting that such individuals have a positive taste
for information. Notably, being assigned to the high-reward
treatment does not have any systematic impact on the ranking
of information sources.

Since both the expert forecast and the past-one-year home
price change could be argued to be the most informative sig-
nal, column 5 studies the alternative outcome of whether a
respondent ranked either the expert forecast or the one-year
change as their top choice. Other than education and numer-
acy, we see little relation with observables.

The supplementary survey that was conducted in 2018 pro-
vides some additional insights, which are discussed in detail
in appendix B. First, we replicate the finding that subjects dis-
agree in terms of the information that they acquire and that
those disagreements are correlated with education and nu-
meracy. Second, the supplementary survey included a couple
of additional questions to explore the role of trust in experts
as a driving factor for preferences over information sources.
Overall levels of trust in the credibility of experts and their
ability to forecast accurately is moderate, and we do find
that less educated respondents exhibit lower levels of trust
in experts. However, while a relevant explanation, distrust of
experts is not the main factor driving the information choices
of our respondents; for instance, we find that these differ-
ences in trust can explain less than a quarter of the education
gap in preferring experts.

C. Valuation and Use of Information

Valuation of information. Using responses to the eleven
scenarios in stage 3, we identify the range of an individual’s
valuation or willingness to pay (WTP). For example, if an
individual chose information instead of any amount up to
$3.00 and then chose the money from $3.50 on, it means that
the individual’s WTP must be in the range $3.00 to $3.50.20

20Individuals who ranked “no information” highest in stage 2 are assigned
a WTP in the interval [-infinity, 0].
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TABLE 1.—FACTORS ASSOCIATED WITH INFORMATION CHOICE

Indicator: Chose …

Forecast 1yr 10yr None Forecast or 1yr
(1) (2) (3) (4) (5)

High Reward (0/1) 0.018 0.002 −0.015 −0.004 0.019
(0.030) (0.027) (0.025) (0.012) (0.026)

Income > 60,000 (0/1) 0.056* −0.018 0.008 −0.045*** 0.038
(0.030) (0.027) (0.025) (0.013) (0.027)

College Graduate (0/1) 0.105*** −0.052* −0.019 −0.034*** 0.054**

(0.030) (0.027) (0.025) (0.013) (0.027)
Age −0.001 0.003*** −0.002** 0.000 0.002*

(0.001) (0.001) (0.001) (0.000) (0.001)
Female (0/1) 0.016 −0.013 −0.012 0.008 0.004

(0.030) (0.027) (0.025) (0.012) (0.026)
Married (0/1) −0.025 0.009 0.040 −0.025* −0.016

(0.031) (0.028) (0.025) (0.013) (0.027)
White (0/1) 0.071* −0.032 −0.022 −0.018 0.040

(0.038) (0.035) (0.033) (0.017) (0.035)
Numeracy (0–5) 0.063*** −0.042*** −0.001 −0.020*** 0.021*

(0.014) (0.013) (0.011) (0.007) (0.012)
Uncertainty in Prior Belief (Std) −0.003 0.009 0.003 −0.008 0.006

(0.015) (0.014) (0.012) (0.006) (0.013)
Median House Value in State (Std) 0.027* −0.010 −0.008 −0.010** 0.017

(0.015) (0.013) (0.012) (0.005) (0.013)
House Value Volatility in State (Std) −0.001 −0.006 0.007 0.000 −0.008

(0.015) (0.013) (0.013) (0.006) (0.014)
Looked for Info in Past (0/1) 0.009 0.024 −0.007 −0.026** 0.033

(0.030) (0.027) (0.025) (0.013) (0.027)
Homeowner (0/1) −0.058* 0.088*** −0.003 −0.028* 0.030

(0.034) (0.029) (0.029) (0.016) (0.031)
Conf. in Past Recall (1–5) −0.025 0.025 0.001 −0.001 −0.000

(0.018) (0.016) (0.015) (0.008) (0.016)
Prob Move and Buy Home in 3 Years 0.158*** −0.094** −0.020 −0.044** 0.064

(0.053) (0.047) (0.044) (0.018) (0.046)
Look at Info During Survey (0/1) 0.130*** −0.113*** −0.012 −0.005 0.018

(0.043) (0.034) (0.035) (0.017) (0.037)
Mean 0.45 0.28 0.22 0.04 0.74
Observations 1,119 1,119 1,119 1,119 1,119

Heteroskedasticity-robust standard errors in parentheses. ∗∗∗ p < 0.01, ∗∗ p < 0.05, and ∗ p < 0.1. Each coefficient comes from a separate bivariate regression. In columns 1 through 5, OLS regression are estimated
using a dummy variable (=1) if the individual preferred the forecast information, one year of information, ten years of information, none, and forecast or one year of information as the dependent variable, respectively.
Variables with (Std) are standardized to have a mean of 0 and standard deviation of 1.

Around 5% of respondents provided inconsistent responses;
for example, they chose information instead of $3.00 but then
chose $2.50 instead of information.21

Figure 2a shows the histogram of WTP for the whole sam-
ple (excluding inconsistent respondents). We find that indi-
viduals have significant WTP for their favorite information,
with a median WTP between $4.50 and $5.00. An alternative
estimate is given by means of an interval regression model,
which assumes that the latent WTP is normally distributed.
The constant in this model is estimated to be $4.16 (95%
CI from 3.94 to 4.40). This is a fairly high WTP, given that
the information we provide is public and can be found us-
ing a search tool like Google. It is also very high compared
to the expected reward for perfect accuracy ($1 for half of
the sample and $10 for the other half). This evidence sug-
gests that individuals are either unaware of the availability of

21This inconsistency is within the range of other studies using this method
for elicitation of WTP for information. For instance, the share of inconsistent
respondents was about 2% in Allcott and Kessler (2015) and 15% in Cullen
and Perez-Truglia (2017).

this information or they expect a high search cost and value
the information beyond the context of the survey.22 They may
want to use this information for real-world housing decisions,
where having incorrect expectations can translate into thou-
sands of dollars in losses, relative to which the experimental
incentive pales in comparison. Note also that the WTP is
elicited after respondents had made a choice regarding an in-
formation source in the prior stage. This may have led to an
“expectation-based” endowment effect and result in the WTP
being higher than it would have otherwise been (Ericson &
Fuster, 2011).23

22We can also compare the median WTP in our study with those from
other studies that elicit WTP for information using similar methods. Those
studies find lower valuations: $0.40 for travel information (Khattak, Yim,
& Prokopy, 2003), $0.80 for food certification information (Angulo, Gil,
& Tamburo, 2005), and $3.00 for home energy reports (Allcott & Kessler,
2015).

23Another possibility is that the goal of winning the forecasting “contest”
(although it was not explicitly framed that way) led to higher WTP. Men
have been found to put a higher value on being the winner of a competitive
game (D’Acunto, 2020); however, we do not find significant gender differ-
ences in WTP (see table 2, discussed below). It could also be that the high
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FIGURE 2.—WILLINGNESS TO PAY FOR FAVORITE INFORMATION

This sample does not include respondents with nonmonotonic choices across the BDM scenarios. (a) The distribution of willingness to pay (WTP) for favorite information in the whole sample. (b) The distribution of
WTP for information according to the size of the reward. P-value of difference refers to the Mann-Whitney-Wilcoxon test of the equality of two distributions.

We next study whether WTP systematically varies with
reward size and other factors. To directly test the effect of
stakes, figure 2b compares the distribution of WTP between
the two reward groups. This figure shows that, as predicted by
rational inattention models, individuals in the higher-reward
treatment are willing to pay significantly more. A Mann-
Whitney-Wilcoxon (MWW) test indicates that the difference
is significant at p < 0.01.

To better understand the economic magnitude of this differ-
ence, we regress the WTP onto a constant and a high-reward
dummy. The constant in this regression, which can be in-
terpreted as the mean WTP for the low-reward condition, is
estimated to be $3.75 (95% CI from 3.50 to 4.10). The esti-
mated coefficient on high reward is 0.83 (95% CI from 0.34
to 1.32), indicating that relative to the $10 reward, individuals
assigned to the $100 reward are willing to pay an additional
$0.83 for their favorite information (or 22% more). Note that
the expected reward goes from $1 to $10, because the reward
is given only with 10% probability. The $0.83 difference in
WTP then implies that for each additional dollar of expected
reward, the WTP for information goes up by 9.2 cents. Equiv-
alently, under the assumption of risk neutrality, the average
individual expects that the probability of being accurate (i.e.,
being within 1% of the realization) will increase by 9.2 per-
centage points, or 18% of the baseline probability, if they
acquire the information.

Column 1 in table 2 shows the bivariate relationship be-
tween the WTP and various other correlates. Here, we dis-
cuss the more notable and interesting ones. First, consider
the effect of past information acquisition effort on WTP. The
expected relationship is ambiguous: on the one hand, individ-

WTP are driven by a misunderstanding of the incentives or the elicitation
method, but the fact that higher numeracy respondents tend to have higher
WTP (table 2) does not support that theory.

uals who looked for information in the past may be willing to
pay less for the information because they already have good
information. On the other hand, individuals who acquired
more information in the past may have the highest revealed
demand or “taste” for information and thus could be more
willing to buy additional information. Our evidence suggests
that the second channel dominates: individuals who looked
for housing-related information in the past were willing to
pay an additional 77 cents relative to those who did not.

Looking at the relationship between the uncertainty in prior
beliefs and WTP, we again find evidence for the “selection
channel”: individuals with a 1 standard deviation higher un-
certainty in their prior beliefs were, on average, willing to pay
$0.28 less. Similarly, individuals who are more confident in
their perceptions of past home price growth are willing to pay
more for information. In sum, the evidence strongly points
to heterogeneity in the taste for information, and this channel
will be a key element of the model presented in section IV.

Numeracy and education, which we found to be strongly
associated with the ranking of information sources in the pre-
vious section, are positively associated with WTP, though
the relationship is significant (at p < 0.1) only for numer-
acy. Finally, we study whether WTP differs depending on
the information source a respondent chose. If individuals
select a given information source because they (sometimes
erroneously) believe it to be the most accurate/predictive
one, then WTP would not differ by information source. In-
deed, we find no evidence that individuals pay more (less)
for information that has higher (lower) ex ante predictive
power.

The first two columns of table A.4 show the correlates of
the WTP in a multivariate framework. Generally the patterns
are qualitatively similar to those shown in the first column of
table 2.
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TABLE 2.—FACTORS ASSOCIATED WITH WTP AND RESPONSE TIMES

Willingness to Pay
Log(response

time)
Log(response time if

saw information)
(1) (2) (3)

High Reward (0/1) 0.828*** 0.107** 0.124**

(0.250) (0.043) (0.049)
Income > 60,000 (0/1) 0.862*** −0.086** −0.176***

(0.259) (0.044) (0.050)
College Graduate (0/1) 0.398 −0.002 −0.040

(0.257) (0.043) (0.049)
Age 0.031*** 0.007*** 0.007***

(0.008) (0.001) (0.002)
Female (0/1) −0.289 0.022 0.067

(0.254) (0.043) (0.049)
Married (0/1) 0.445* −0.036 −0.118**

(0.268) (0.045) (0.052)
White (0/1) 0.300 −0.045 −0.026

(0.350) (0.058) (0.066)
Numeracy (0–5) 0.244* 0.029 0.009

(0.126) (0.021) (0.025)
Uncertainty in Prior Belief (Std) −0.306** −0.077*** −0.067***

(0.132) (0.021) (0.025)
Median House Value in State (Std) 0.254** −0.018 −0.032

(0.126) (0.020) (0.022)
House Value Volatility in State (Std) 0.249** 0.009 −0.012

(0.125) (0.022) (0.024)
Looked for Info in Past (0/1) 0.773*** 0.040 −0.025

(0.256) (0.043) (0.050)
Homeowner (0/1) 0.906*** 0.110** 0.055

(0.293) (0.051) (0.059)
Conf. in Past Recall (1–5) 0.288* −0.016 −0.047

(0.154) (0.027) (0.033)
Prob Move and Buy Home in 3 Years 0.172 −0.003 −0.050

(0.437) (0.074) (0.086)
Look at Info during Survey (0/1) 0.067 0.320*** 0.263***

(0.351) (0.064) (0.077)
WTP 0.104*** 0.056***

(0.010) (0.018)
Mean 4.16 0.65 0.77
Observations 1,061 1,119 806

Heteroskedasticity-robust standard errors in parentheses. ∗∗∗ p < 0.01, ∗∗ p < 0.05, and ∗ p < 0.1. Each coefficient comes from a separate bivariate regression. Column 1 reports results for interval regressions with
willingness to pay as the dependent variable (this sample does not include respondents with nonmonotonic choices across the BDM scenarios). Columns 2 and 3 report OLS regressions where the dependent variable
is the log minutes spent on reporting the posterior beliefs (this variable is winsorized at the top and bottom; 1.5th percentile).

Use of information. We now turn to the question of how
people incorporate their preferred information, if they obtain
it, in their posterior forecast. To do so, we first study the
updating in the point forecast and then use the time spent on
reporting the posterior forecast as an additional measure of
updating effort.

To study updating, we use a simple learning model that
naturally separates learning from the signal shown from other
sources of reversion toward the signal (Cavallo et al., 2017).
Let bprior denote the mean of the prior belief, bsignal the signal,
and bposterior the mean of the corresponding posterior belief.
When priors and signals are normally distributed, Bayesian
learning implies that the mean of the posterior belief should
be a weighted average between the signal and the mean of
the prior belief:

bposterior = α × bsignal + (1 − α) × bprior .

In a Bayesian framework, the weight parameter α increases in
the uncertainty (i.e., the variance) of the prior and decreases

in the uncertainty and noise in the signal. Rearranging this
expression, we get

bposterior − bprior = α × (
bsignal − bprior

)
.

That is, the slope between the gaps (bsignal
i − bprior

i ) and revi-
sions (bposterior

i − bprior
i ) can be used to estimate the learning

rate. However, it is possible that individuals will revise their
beliefs toward the signal even if they are not provided with
it.24 To account for this and separate true learning from spu-
rious reversion to the signal, we can exploit the random vari-
ation generated by our design in whether a respondent saw
information. Denote by Si a dummy that takes the value 1 if
the individual was shown the signal, and let WTPi be a set

24For instance, consider someone who makes a typo when entering her
prior belief and reports an estimate that differs significantly from the signal.
If that person does not commit the typo again when reporting the posterior
belief, it will look as if she is reverting to the signal despite not being shown
information.
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FIGURE 3.—LEARNING RATES FROM INFORMATION

Learning rates are estimated using equation (1). The graphs show a binned-scatter plot based on twenty bins. Slopes, robust standard errors (in parentheses), and R2 are based on a linear regression of the belief update
(i.e., posterior belief minus the prior belief) on the signal gap (i.e., signal value minus the prior belief) interacted by a dummy that takes the value 1 if the individual was shown the signal. The regressions control for
the signal gap (i.e., without the interaction), dummies for willingness to pay, and the prior belief. (a) The results for the full sample of the main survey. The remaining panels estimate separate learning rates depending
on (b) the chosen information (i.e., forecast, last one-year change, and last ten-year change); (c) WTP (i.e., above and below the median WTP); (d) reward size (high or low reward); (e) uncertainty in prior beliefs (i.e.,
above and below the median uncertainty); and (f) numeracy (i.e., above or below median numeracy).

of dummies corresponding to the “threshold price” chosen
by the individual in the scenarios. Conditional on this thresh-
old, whether the individual received the information (Si = 1)
depends on the randomly chosen scenario. Thus, we use the
following regression specification:

bposterior
i − bprior

i = α × (
bsignal

i − bprior
i

) × Si + β

×(
bsignal

i − bprior
i

) + WTPiδ + εi. (1)

The parameter of interest is still α, which measures the true
learning rate (i.e., the effect of being randomly shown in-
formation). β reflects the degree of spurious mean-reversion.
Figure 3a shows the results from this regression. The y-axis
indicates the revision in the forecast (i.e., posterior belief mi-
nus prior belief). The x-axis shows the gap between the signal
and the prior belief, interacted by the treatment assignment
dummy. For instance, if the respondent had a prior belief of
1% and was shown the expert forecast (which was 3.6%), the
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x-axis would take the value of 2.6%. The slope of the line,
α̂ = 0.38, is highly statistically significant (p < 0.001) and
economically substantial: the average individual puts 38%
weight on the signal and 62% on their prior belief.25

We next study heterogeneity in learning rates. Figure 3b
investigates whether the learning rates differ across the three
pieces of information. Ex ante, there is little reason for rates to
differ: once respondents reveal their information preference,
they should be equally responsive to it. This is confirmed in
the figure. Panels c and d of figure 3 investigate whether the
learning rate differs by WTP for information or by the reward
size. One might expect respondents who valued the informa-
tion more to put greater weight on the signal; however, we do
not find evidence for differential slopes. Similarly, while the
slope in the high reward treatment is directionally stronger,
the difference is far from statistically significant.

In contrast, we do find significant differences in updating
depending on the uncertainty in respondents’ prior belief.
Under Bayesian updating, respondents who were more un-
certain should put more weight on the signal (as long as the
prior uncertainty is orthogonal to the perceived signal noise).
However, figure 3e shows that respondents with higher prior
uncertainty tend to update less. This result is also replicated in
the supplementary study described in appendix B (see figure
B1). While this is surprising based on the standard Bayesian
intuition, it is arguably consistent with the earlier result that
respondents with higher prior uncertainty have a lower WTP
for information. We return to this in the theory in section
IV. Another result that the theory will be able to rational-
ize is that high-numeracy respondents tend to update more
strongly than low-numeracy respondents (panel f).26

One potential concern with survey experiments is that
instead of inducing genuine learning, the information pro-
vided affects forecasts due to experimenter demand (Goff-
man, 1963) or unconscious numerical anchoring (Tversky &
Kahneman, 1974). Recent survey studies find modest or no
experimenter demand effects even when they are induced (see
de Quidt, Haushofer, & Roth, 2018, and Mummolo & Person,
2019), and it seems highly implausible that demand effects
could explain the cross-sectional patterns above. Similarly,
the heterogeneity in updating based on ex ante uncertainty
and numeracy that we find is arguably inconsistent with a
simple anchoring explanation, which would predict no such
heterogeneity. Finally, following Cavallo et al. (2017) and
Armona et al. (2019), we further use the follow-up survey
to address this concern. We estimate a version of equation
(1) with bf ollow−up

i − bprior
i as a dependent variable, where

bf ollow−up
i is the belief reported four months later. The esti-

mated slope, 0.173, is smaller than in the main survey (0.380)
but remains economically meaningful and statistically signif-
icant at the 10% level (results presented in appendix figure
A.3). This suggests that a significant part of the reaction to

25Appendix A.5 presents additional details on the estimation.
26In contrast, updating rates do not differ by respondent education (not

shown).

the information was not spurious, since otherwise it should
not persist for months after the information provision.27

As an alternative measure of how people allocate effort
and use information, we rely on the time spent reporting the
posterior belief. Column 2 of table 2 uses the log time spent
on the screen used to report the posterior belief as the depen-
dent variable.28 Due to the design of the survey, this variable
includes the time spent looking at the information, and there-
fore respondents who get to see information would mechan-
ically take more time reporting the posterior belief. Thus, in
column 3, we restrict to the sample that actually got to see
information. We see that individuals assigned to the higher
reward spent significantly more time reporting their poste-
rior belief: an additional 11% when comparing to the full
sample (column 2) and 12% more when just looking at re-
spondents who saw information (column 3). Similarly, higher
WTP for information is associated with significantly more
time spent on forming the posterior, even when we just look
at respondents who saw information. These two variables
thus do seem to correlate with effort spent on updating, even
though they were not associated with differential updating
above.

Reinforcing the earlier finding that lower-uncertainty in-
dividuals may be those who have a taste for information and
that they update more strongly in response to the informa-
tion, we see that they also spend significantly more time re-
porting their posterior belief. This remains true in a multi-
variate version of the same analysis, shown in table A.4 and
is again also robust to alternative measures of uncertainty.
Higher numeracy or education are not associated with time
spent on the posterior forecast. We also see that the 14% of
participants who later report having looked up other sources
during the survey spent substantially more time (about 30%)
on the screen, which suggests that they looked up the infor-
mation during this time.

D. Information Acquisition and Dispersion of Expectations

In this section, we study how information acquisition af-
fects dispersion in beliefs. We begin by investigating the ef-
fect of an exogenous reduction in the cost of information. In
stage 3, a scenario is picked at random. Thus, the experimen-
tal setup induces exogenous variation in the cost of informa-
tion. We exploit this and compare how beliefs evolve when
“low-price” ($0.01–$1.50) scenarios are picked at random,
versus “high-price” ($2–$5) scenarios. Table 3 presents the
results from this test. First, notice from the first row of the
table that the lower cost of information did result in more
information acquisition: the share of individuals acquiring
information is 21 percentage points higher in the low-price
group relative to the high-price group.

27The lower slope in the follow-up is expected because individuals may
have been exposed to additional signals during the interim four months, thus
gradually diluting the effect of the signal provided during our experiment.

28We winsorize this variable at the 1.5th percentile (0.46 minutes) and at
the 98.5th percentile (18.79 minutes) of the distribution.
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TABLE 3.—COST OF INFORMATION AND DISPERSION OF EXPECTATIONS

Low Price High Price P-value Diff
(1) (2) (3)

Obtained Signal (%) 86.19 (1.057) 65.41 (1.545) 0.00
Expectations:

Prior Mean 2.15 (0.133) 2.22 (0.137) 0.74
MAD 2.06 (0.098) 2.04 (0.100) 0.88
Uncertainty 4.09 (0.138) 3.98 (0.149) 0.70
Disagreement (%) 10.18 (0.95) 12.15 (1.08) 0.17

Posterior Mean 3.24 (0.141) 3.02 (0.143) 0.26
MAD 2.21 (0.104) 2.13 (0.104) 0.59
Uncertainty 2.98 (0.125) 3.19 (0.137) 0.43
Disagreement (%) 20.45 (1.34) 20.39 (1.43) 0.98

Observations 536 477

This sample does not include respondents who chose “None” as their favorite information source and respondents with nonmonotonic choices across the BDM scenarios. The group Low Price corresponds to
individuals randomly assigned to scenarios 1 to 4 (corresponding to prices from $0.01 to $1.50), while the group High Price corresponds to individuals randomly assigned to scenarios 5 to 11 (corresponding to prices
from $2 to $5). The average level, the dispersion (measured as mean absolute deviation, MAD), the uncertainty, and the fraction of disagreements within group are presented for the prior and posterior beliefs. The
prior belief refers to the expected change for year-end home prices reported in stage 1. Posterior belief refers to the expected home price change reported in stage 4. To measure uncertainty at the individual level, we fit
these binned responses to a normal distribution for each individual (or to a uniform distribution if the respondent puts all mass in one bin or equal mass in two adjacent bins), and use the estimated standard deviation
of the fitted distribution as a measure of individual-level uncertainty, with higher values denoting higher uncertainty. A disagreement is defined as nonoverlap of two respondents’ constructed 95% confidence interval;
the table reports the fraction of all pairwise meetings that would result in a disagreement so defined. Columns 1 and 2 present the information for individuals who were randomly assigned to the low and high price,
respectively. Column 3 presents p-values for the test of the null hypothesis that the mean characteristic is equal across columns 1 and 2. Numbers in parentheses in each cell are standard errors.

The rest of the rows from table 3 show how beliefs evolved
for the low- and high-price groups. As expected (due to the
scenario being picked at random), the distribution of prior be-
liefs for the two groups is similar. At the final stage, due to the
belief updating of those who saw the signal (as studied above),
the mean forecast increased and uncertainty decreased. How-
ever, although a significantly higher share of respondents in
the low-price group saw a signal, the dispersion in beliefs
remains similar across the two groups. In particular, we do
not find evidence that the mean absolute deviation (MAD) is
lower for the low-price group: in fact, it is slightly higher, at
2.21, than for the high-price group, which has a MAD of 2.13
(the difference is not statistically significant at conventional
levels; p-value = 0.59).

We also study an additional measure of disagreement, de-
fined as follows: for each respondent, we construct a 95%
confidence interval for their forecast based on their point
forecast along with the reported uncertainty. We then form
all possible pairs of respondents within a group (here, the
low-price and high-price groups) and define a disagreement
as occurring for a pair if the two respondents’ constructed
confidence intervals do not overlap. This measure thus re-
flects effects of information on both the dispersion in point
forecasts and respondents’ uncertainty. In table 3, we see
that the fraction of disagreements roughly doubled from the
prior stage to the posterior stage, primarily because respon-
dents’ uncertainty went down. However, we again see that
disagreement is almost exactly at the same level for the group
with a low cost of information, which was much more likely
to obtain the signal, than for the group with a high cost of
information.

How is it that more information does not induce higher
consensus? Figure 4 shows the distribution of beliefs for in-
dividuals who were not shown information (figure 4a) ver-
sus individuals who were shown information (figure 4b); the
hollow (white) bars correspond to the posterior beliefs while
the solid (gray) bars correspond to the prior beliefs. Com-
parison of the distribution of prior beliefs between the two

panels shows that individuals who were and were not shown
information are similar; this is as expected since whether in-
formation is shown is quasi-random. Figure 4a shows that
among individuals who were not shown information, the dis-
tribution of posterior beliefs is the same regardless of which
information source the individuals preferred.29 In contrast,
figure 4b shows that, for individuals who saw the informa-
tion, posterior beliefs were substantially different across the
three information groups. In each group, posterior beliefs
moved toward the values of the respective signals: −0.1%
for the ten-year price change, 3.6% for the expert forecast,
and 6.8% for the one-year price change. Within a group, the
revelation of information tended to decrease dispersion of
expectations. However, because the three groups moved to-
ward differing signals, the dispersion in beliefs across groups
increased. The net effect of information acquisition on belief
dispersion depends on the combination of these two chan-
nels, which end up canceling each other out (as can be seen
in the last row of the figure).

Table 4 provides a more quantitative version of the pre-
vious graphical argument. The first two columns of the ta-
ble describe prior and posterior beliefs, respectively. It is
worth remembering that whether a respondent sees infor-
mation is endogenous to their WTP, which in turn may re-
flect other characteristics. Therefore, the comparison here
is not as “clean” as the one in table 3, which relies on
experiment-induced variation in whether a respondent saw
the information.

We are primarily interested in one feature of these be-
liefs: the dispersion, measured by the mean absolute devi-
ation (MAD) across individuals. We first corroborate that
within information groups, information provision tended to
reduce belief dispersion (though belief dispersion remained

29However, the distribution of beliefs changed from prior to posterior
even for individuals who were not shown information (p < 0.01, MWW
test), suggesting that the reelicitation by itself (and the other housing-related
questions they answered between the two stages) may have led respondents
to think differently about future price growth.
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1072 THE REVIEW OF ECONOMICS AND STATISTICS

FIGURE 4.—DISTRIBUTION OF PRIOR AND POSTERIOR BELIEFS: INDIVIDUALS WHO WERE SHOWN INFORMATION VERSUS INDIVIDUALS WHO WERE NOT

Distribution of prior and posterior beliefs according to the type of information most preferred (this sample does not include respondents who chose “None” as their most favorite information source). (a) The distributions
for individuals who were not shown the information. (b) The distributions for individuals who were shown the information. The solid gray bars show individuals’ prior beliefs, while the empty bars show individuals’
posterior beliefs (i.e., after they received or did not receive information).
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TABLE 4.—EFFECT OF INFORMATION-ACQUISITION ON THE DISTRIBUTION OF EXPECTATIONS

Prior Posterior
(1) (2)

Information Shown
All Mean 2.27 (0.106) 3.28 (0.107)
N = 806 MAD 2.04 (0.077) 2.05 (0.078)

Uncertainty 3.94 (0.110) 2.91 (0.099)
Disagreement (%) 11.75 (0.83) 20.77 (1.10)

Forecast Mean 2.41 (0.164) 3.38 (0.124)
N = 386 MAD 2.19 (0.121) 1.14 (0.109)

Uncertainty 3.89 (0.155) 2.94 (0.143)
Disagreement (%) 11.79 (1.19) 7.84 (1.05)

1 Year Change Mean 2.42 (0.198) 5.17 (0.209)
N = 223 MAD 2.01 (0.145) 2.25 (0.145)

Uncertainty 3.77 (0.222) 3.40 (0.217)
Disagreement (%) 15.25 (1.89) 18.33 (2.09)

10 Year Change Mean 1.82 (0.179) 0.92 (0.164)
N = 197 MAD 1.79 (0.125) 1.35 (0.132)

Uncertainty 4.25 (0.221) 2.28 (0.162)
Disagreement (%) 7.98 (1.29) 12.01 (1.73)

Information Not Shown
All Mean 2.07 (0.185) 2.66 (0.225)
N = 313 MAD 2.17 (0.139) 2.64 (0.168)

Uncertainty 4.22 (0.195) 3.70 (0.192)
Disagreement (%) 9.61 (1.15) 18.64 (1.75)

Forecast Mean 1.97 (0.247) 2.99 (0.311)
N = 123 MAD 1.93 (0.175) 2.38 (0.225)

Uncertainty 4.30 (0.307) 3.45 (0.284)
Disagreement (%) 9.64 (1.76) 18.26 (2.75)

1 Year Change Mean 2.32 (0.403) 2.56 (0.475)
N = 92 MAD 2.61 (0.296) 2.97 (0.358)

Uncertainty 5.13 (0.398) 4.68 (0.428)
Disagreement (%) 9.65 (2.23) 18.37 (3.18)

10 Year Change Mean 2.29 (0.549) 2.60 (0.484)
N = 50 MAD 2.55 (0.411) 2.48 (0.331)

Uncertainty 3.38 (0.425) 3.39 (0.419)
Disagreement (%) 8.33 (2.55) 17.88 (4.14)

The average level, the dispersion, the uncertainty, and the fraction of disagreements within group are presented for the prior and posterior belief conditional on seeing the information and the preferred information
source. The prior belief refers to the expected change for year-end home prices reported in stage 1. Posterior belief refers to the expected home price change reported in stage 4. See notes to table 3 for additional details
on definitions of various measures. Numbers in parentheses in each cell are standard errors.

high). For instance, for individuals who preferred the forecast
and were shown the information, the MAD decreased from
2.19 to 1.14 percentage points. In contrast, for individuals
who preferred the expert forecast but did not get to see the
information, the MAD in beliefs increased from 1.93 per-
centage points for prior beliefs to 2.38 for posterior beliefs.
These qualitative differences are consistent inside the group
of individuals who chose the ten-year information, while for
those who chose the one-year information, MAD increased
even for those who saw the information (perhaps because the
signal was rather “extreme”), though less so than for those
who did not see it.

Now we turn to the full sample, pooling the individuals
across all three information sources. In this pooled sample,
the group that saw the information did not see a decline
in the MAD of beliefs: this measure of dispersion is 2.04
percentage points for the prior beliefs and 2.05 percentage
points for the posterior beliefs.30 And since respondents be-
came more confident in their forecast, disagreement substan-

30The MAD in the pooled sample that does not see information does go
up (from 2.17 to 2.64), with the difference statistically significant (p-value
< 0.01).

tially increases, from 11.6% to 20.8% of all pairs. Disagree-
ment also increases similarly in the no-information group;
the difference-in-differences across groups is not statistically
significant. Regarding confidence in expectations, mean un-
certainty in posterior beliefs is lower than that in prior beliefs
for both groups (those who saw the information and those
who did not). However, consistent with the notion that in-
formation should make individuals more certain, we see that
uncertainty declined more for the group that was shown in-
formation (from 4.0 to 2.9 percentage points, or more than
1 percentage point) than for the group that was not shown
information (from 4.3 to 3.8 percentage points).

One potential concern is that the cross-sectional dispersion
does not decrease when information is cheaper just because
respondents could buy, at most, one of the three information
pieces. Could allowing individuals to view multiple pieces of
information reverse this result? To investigate this, we fielded
a supplementary module in the 2018 SCE Housing Survey.
Details of this module and the analysis are presented in ap-
pendix B. In this supplementary study, respondents could
choose between two pieces of information. Then we ran-
domized them into three groups: they got to observe either
no information, their preferred information, or both pieces of
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1074 THE REVIEW OF ECONOMICS AND STATISTICS

information (for free). The comparison between no informa-
tion and their preferred information is equivalent to the com-
parison from the main experiment (i.e., randomizing the price
of the preferred information to be either zero or infinity). We
corroborate the finding from the main survey: cross-sectional
dispersion does not decline when subjects get to see either
their preferred information or both pieces of information. We
find that randomly providing two signals at the same time has
effects similar to providing just one piece of information and
that cross-sectional dispersion (measured either by the MAD
or the disagreement metric) does not decrease.

IV. A Model of Information Acquisition and Processing

In this section, we present a model that can match most of
the experimental findings. Agents in the model have a choice
among different pieces of information. They face a fixed cost
of acquiring information and a variable cost of processing
information.

A. Model Setup

The timing of the model is as follows:

1. Individuals can acquire access to one of three informa-
tion sources at cost c or choose no information (“infor-
mation acquisition”).

2. The purchased information is displayed, and individ-
uals choose the amount of attention to allocate to the
displayed information (“information processing”).

3. Individuals report posterior beliefs over the fundamen-
tal and receive a payoff.

Individual i has the prior belief that the fundamental θ is nor-
mally distributed with mean μθ(i) and variance σ2

θ (i). In the
experiment, the fundamental is one-year future house price
growth. The i indicates that the prior belief over the funda-
mental may differ across individuals.

Individuals have the common prior belief that each piece of
information j ∈ {1, 2, 3} is a noisy signal on the fundamental

x j = θ + ε j,

where x j is the displayed information and ε j is nor-
mally distributed noise with mean zero. Individuals may
have heterogeneous priors over precisions. Individual i be-
lieves that the precisions of the three information sources
equal τ1(i) ≡ (1/σ2

ε,1(i)), τ2(i) ≡ (1/σ2
ε,2(i)), and τ3(i) ≡

(1/σ2
ε,3(i)), where i indicates that the prior belief over pre-

cisions may differ across individuals. While the model pre-
sented here allows for heterogeneous priors about precisions,
we show in appendix D that the main predictions are the same
even with a common prior belief about the precisions; more-
over, the appendix model can match additional features of the
experimental data. Here we present the version of the model
with heterogeneous prior beliefs just because it can provide
the basic intuitions with less notation.

Paying attention to displayed information is modeled as
a noisy signal about the displayed information, as in Sims
(2003),

s(i) = x j + ψ(i),

where s(i) is the signal on the displayed information, j is the
information source that the individual selected, and ψ(i) is
noise that arises due to limited attention to the displayed infor-
mation. That is, limited attention creates a noisy perception
of the displayed information. The noise ψ(i) is assumed to be
normally distributed with mean zero and variance σ2

ψ(i). Pay-
ing more attention to the displayed information is formalized
as a smaller variance of noise, σ2

ψ(i). Individuals choose the
amount of attention allocated to the displayed information,
that is, they choose σ2

ψ(i).
Posterior beliefs follow from Bayesian updating. If indi-

vidual i selected information source j ∈ {1, 2, 3} and chose
the variance of noise σ2

ψ(i), her posterior belief is given by
combining her prior belief with the signal

s(i) = θ + ε j + ψ(i).

The posterior mean of the fundamental is

E [θ|s(i)] = μθ(i) + σ2
θ (i)

σ2
θ
(i) + σ2

ε, j (i) + σ2
ψ(i)

× [
θ + ε j + ψ(i) − μθ(i)

]
.

The weight on the displayed information is an increasing
function of the perceived precision of the selected informa-
tion source and the attention allocated to the displayed infor-
mation.31 The posterior variance of the fundamental is

σ2
θ|s(i) = 1

1
σ2

θ
(i)

+ 1
σ2

ε, j (i)+σ2
ψ(i)

.

The payoff received by individual i at the end equals

−φ (θ − E [θ|s(i)])2 ,

where the parameter φ controls the incentive to have an ac-
curate posterior.

The optimal information strategy of an individual consists
of an acquisition strategy ( j ∈ {1, 2, 3} or no information)
and an attention strategy (σ−2

ψ (i) ≥ 0) that maximize the ex-
pected payoff net of the costs of acquiring and processing
information,

−φσ2
θ|s(i) − cz − d

(
σ−2

ψ (i)
)
,

31In Gabaix’s (2014) model of sparsity, the weight on information is also
an increasing function of attention to the information, as in Sims’s (2003)
model of rational inattention. One difference between these theories is that
in Sims’s (2003) model of rational inattention, the weight on information can
be viewed as the optimal response to a noisy perception of the information.
The noisy perception of information in turn helps to match heterogeneity in
reported posterior beliefs among individuals who see the same information.
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where c is the cost of acquiring information, z is an indicator
variable that takes the value 1 if information is acquired, and
d
(
σ−2

ψ (i)
)

denotes the cost of paying attention to the displayed
information. One can think of the cost c as the sticky informa-
tion aspect of the model (Mankiw & Reis, 2002), because in
micro-founded versions of sticky information models, there
is a fixed cost of acquiring information (Reis, 2006).

Following Sims (2003), the cost of paying attention to the
displayed information is assumed to be an increasing func-
tion f of the reduction in uncertainty about the displayed
information,

d
(
σ−2

ψ (i)
) = f

(
H

(
x j

) − H
(
x j |s(i)

))
,

where H (x j ) denotes the entropy of the displayed informa-
tion and H (x j |s(i)) denotes the conditional entropy of the
displayed information given the signal on the displayed in-
formation. Since entropy is simply a measure of uncertainty,
the argument of the function f measures the uncertainty re-
duction about the displayed information due to the signal on
the displayed information. The entropy of a normally dis-
tributed random variable x with variance σ2

x equals a constant
plus 1

2 ln
(
σ2

x

)
, and hence, the last equation reduces to

d
(
σ−2

ψ (i)
) = f

(
1

2
ln

(
σ2

x, j (i)

σ2
x, j|s(i)

))
= f

⎛
⎜⎝1

2
ln

⎛
⎜⎝ σ2

x, j (i)
σ2

x, j (i)σ
2
ψ(i)

σ2
x, j (i)+σ2

ψ(i)

⎞
⎟⎠
⎞
⎟⎠

= f

(
1

2
ln

(
1 + σ2

x, j (i)

σ2
ψ(i)

))
.

In the rational inattention literature following Sims (2003),
it is common to assume that f is a linear function, in which
case the last equation reduces to

d
(
σ−2

ψ (i)
) = μ

1

2
ln

(
1 + σ2

x, j (i)

σ2
ψ(i)

)
,

where μ > 0 denotes the marginal cost of attention. All qual-
itative results presented in the following section also hold for
any function f that is strictly increasing, convex, twice con-
tinuously differentiable, and has a nonzero derivative at zero.
Note that the cost of paying attention is an increasing function
of the signal-to-noise ratio in the signal about the displayed
information.

B. Solution of the Model and Comparison
to Experimental Findings

The following proposition gives the closed-form solution
of the model.
Proposition 1. Individual i considers acquiring the infor-
mation source with the highest perceived precision, j∗(i) =
arg max j∈{1,2,3}τ j (i). For any information source, the optimal
amount of attention to displayed information is determined

by the incentive to have an accurate posterior, φ, the marginal
cost of attention,μ, prior uncertainty,σ2

θ (i), and the perceived
precision of the information source, τ j (i) = (

1/σ2
ε, j (i)

)
:

σ−2
ψ (i) = max

{
0,

[
2
φ

μ

σ4
θ (i)

σ2
θ
(i) + σ2

ε, j (i)
− 1

]
1

σ2
θ
(i) + σ2

ε, j (i)

}
.

(2)

The willingness to pay for access to the preferred information
source equals the difference between the benefit and cost of
paying attention at the optimal amount of attention:

WTP(i) = max

{
0, φσ2

θ (i)

(
σ2

θ (i)

σ2
θ
(i) + σ2

ε, j∗ (i)
− μ

2φσ2
θ
(i)

)

− μ

2
ln

(
2φσ2

θ (i)

μ

σ2
θ (i)

σ2
θ
(i) + σ2

ε, j∗ (i)

)}
. (3)

If WTP(i) ≥ c, individual i acquires access to the preferred
information source, the amount of attention to the displayed
information is given by equation (2) with j = j∗(i), and the
weight on the displayed information is given by

E [θ|s(i)] = α(i)
(
θ + ε j∗ + ψ(i)

) + (1 − α(i)) μθ(i),

with

α(i) = max

{
0,

σ2
θ (i)

σ2
θ
(i) + σ2

ε, j∗ (i)
− μ

2φσ2
θ
(i)

}
. (4)

The proof of proposition 1 is in appendix C. The term
σ2

θ (i)
σ2

θ
(i)+σ2

ε, j∗ (i)
in equation (4) is the full-attention Bayesian

weight on the displayed information. The variable α(i) is the
rational-inattention Bayesian weight on the displayed infor-
mation. The difference between the two is governed by the
cost and benefit of paying attention, as captured by the term

μ

φσ2
θ
(i)

. The willingness to pay for access to the preferred infor-
mation source equals the gain from a more accurate posterior,
φσ2

θ (i)α(i), minus the cost of paying attention to the displayed
information at the optimal amount of attention to the dis-
played information. In this simplest version of the model, the
choice of the information source is simply governed by the
prior beliefs over precisions.

Before turning to a comparison of model predictions
and experimental findings, we make three remarks about
heterogeneity.

Assumption 1. There is cross-sectional heterogeneity in
arg max
j∈{1,2,3}

τ j (i).

Assumption 2. There is cross-sectional heterogeneity in the
marginal cost of attention μ, and the marginal cost of atten-
tion μ is negatively correlated with numeracy in the cross
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section. This assumption seems natural since more numer-
ate individuals presumably find it less costly to pay attention
to quantitative information; all displayed information in the
experiment is quantitative.

Assumption 3. There is cross-sectional heterogeneity in the
taste for information φ, and the precision of the prior σ−2

θ
(i)

is positively correlated with the taste for information φ in the
cross section. This assumption seems natural because exper-
imental subjects had the possibility to acquire and process
information already before the experiment.

Finally, we compare model predictions and experimental
findings.

Ranking of the four options. The model can match the find-
ing that some individuals choose the option “I would not like
to see any information” before even learning the cost of in-
formation acquisition. There is simply no point in acquiring
information that one will not pay attention to anyway, the cor-
ner solution in equations (2) to (4).32 The model is also con-
sistent with low-numeracy individuals selecting this option
more frequently, because their cost of processing information
is higher.33

Valuation of information. The model matches the finding
that individuals in the high-reward treatment have a higher
willingness to pay (WTP(i) is increasing in φ). The model
can also match the finding that willingness to pay for in-
formation is increasing in the precision of the prior (rather
than decreasing in the precision of the prior, as one may have
expected). The intuition is explained below. In addition, the
model matches the finding that willingness to pay for in-
formation is increasing in numeracy. High-numeracy indi-
viduals anticipate that processing information is cheaper for
them and that they will incorporate the displayed informa-
tion more into their beliefs. Moreover, the finding that the
average willingness to pay does not differ across the group
of individuals who select the expert forecast and the group of
individuals who select the one-year home price change can
be easily interpreted in terms of the model: individuals rank
information sources differently but think equally highly of
their preferred information source (arg max j∈{1,2,3}τ j (i) dif-
fers across these groups but max j∈{1,2,3}τ j (i) does not differ
systematically across these groups).

32The existence of corner solutions in rational inattention models has been
emphasized at least since Maćkowiak and Wiederholt (2009) and is due to
the fact that the marginal cost of attention is nonzero at zero. Thus, the fixed
cost of acquiring information c is not required for our model to predict that
some agents will not acquire information; we instead add it in order to be
able to study how variation in this cost will affect information choice and
disagreement.

33Note that numeracy and prior uncertainty are significantly negatively
correlated in our data (Pearson correlation coefficient of −0.21). This is in
line with assumption 2 given that individuals had the possibility to acquire
and process information in their daily life, prior to entering the experimental
setting.

Use of information. The model predicts that individuals
in the high-reward treatment exert more effort on processing
information.34 Furthermore, under assumption 3, the model
can match the finding that individuals with a higher preci-
sion of the prior put more weight on the information. Stan-
dard Bayesian updating implies that the weight on the in-
formation is decreasing in the precision of the prior, con-
trary to our experimental findings. Formally, the full-attention

Bayesian weight σ2
θ (i)

σ2
θ
(i)+σ2

ε, j∗ (i)
is strictly decreasing in σ−2

θ
(i).

However, the rational-inattention Bayesian weight α(i) =
σ2

θ (i)
σ2

θ
(i)+σ2

ε, j∗ (i)+σ2
ψ(i)

= σ2
θ (i)

σ2
θ
(i)+σ2

ε, j∗ (i)
− μ

2φσ2
θ
(i)

is increasing in the

incentive to have an accurate posterior, φ. If the selection
effect formalized by assumption 3 is sufficiently strong, the
rational-inattention Bayesian weight α(i) is increasing in the
precision of the prior. In this case, the model can simultane-
ously match the three empirical findings that individuals with
a higher precision of the prior report a higher willingness to
pay for information, exert more effort on processing the dis-
played information, and put more weight on the displayed
information. In addition, the model matches the finding that
the weight on the displayed information is increasing in nu-
meracy (see equation [4]).

Information acquisition and dispersion of expectations. The
model matches the finding that in the high-cost treat-
ment, fewer individuals acquire information. The model also
matches the finding that posterior beliefs diverge across the
three information groups because agents put weight on dif-
ferent pieces of information and that a reduction in the cost
of information can increase dispersion in beliefs because of
the divergence of beliefs across information groups.35

In appendix D, we replace the assumption of heteroge-
neous priors over precisions by the assumption of a common
prior over precisions but agents also facing the cost of in-
formation processing at the stage where they rank pieces of
information. Heterogeneity in beliefs over precisions arises
ex post due to idiosyncratic information-processing mistakes

34This is consistent with column 3 of table 2, although note also that the
average weights put on the signal did not differ significantly across the high-
and low-reward treatments (figure 3d).

35Furthermore, within a group, access to the information source decreases
dispersion in beliefs if and only if the fact that individuals put weight on
the same displayed information dominates the fact that there is individual-
specific noise in the signal, ψ(i) and the fact that individuals put hetero-
geneous weights on the signal, α(i). Hence, the model can also match the
experimental finding that dispersion in beliefs remains high in all groups,
falls within some groups, and increases within other groups once informa-
tion is displayed.

Note that the model does not make general predictions for disagree-
ment for different menus without adding more assumptions. The effect of
reducing the number of options from, say, three to two on disagreement
depends on the realization of the third signal that is eliminated (e.g., if an
intermediate signal is eliminated, disagreement could increase) and on the
perceived precision of the remaining two signals compared to the perceived
precision of the eliminated signal. With two options instead of three, the
cross-sectional distribution of beliefs will tend to have two modes instead
of three modes, but where these modes are located depends on the pieces
of information, and disagreement also exists among those individuals who
acquire the same information.
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at the stage where agents rank pieces of information. In that
model, additional features of the experimental data arise en-
dogenously: the highest-precision information source is en-
dogenously the modal choice, and high-numeracy individuals
are endogenously more likely to select the highest-precision
information source (figure 1). This in turn has the reinforc-
ing effect that high-numeracy individuals feel more confi-
dent about having selected the highest-precision informa-
tion source and thus put even more weight on the displayed
information.

V. Discussion and Conclusion

Using an innovative experimental setup measuring agents’
choice, valuation, and use of information, this paper attempts
to understand the role of information frictions in explaining
the heterogeneity in consumers’ expectations. Our main em-
pirical result is that with endogenous information acquisi-
tion, lowering the cost of information does not cause lower
cross-sectional dispersion in expectations because respon-
dents choose to look at different pieces of information. This
result is not an artifact of our design where respondents can
view at most one piece of information; we corroborate it in
our supplementary survey where respondents may receive
multiple signals.

Our findings have a number of implications for modeling
expectation formation. First, given that dispersion in expec-
tations is such a pervasive feature of survey data, it seems im-
portant to incorporate this dispersion in economic models, but
probably the focus should shift somewhat from heterogeneity
in the timing of updating to heterogeneity in the type of in-
formation that agents look at. A second important dimension
of heterogeneity in posterior beliefs is heterogeneity among
agents who see the same information. The fact that precision
of the prior and numeracy increase the extent to which infor-
mation is incorporated into posterior beliefs suggests the im-
portance of an endogenous information-processing margin.
Third, heterogeneity in the cost of processing information
also seems central to understand cross-sectional differences
in information acquisition.

These implications are well aligned with existing findings
of numeracy and cognitive abilities being associated with the
accuracy of (inflation) expectations and the link between ex-
pectations and behavior (Armantier et al., 2015; D’Acunto
et al., 2019). We are able to provide direct insights into these
relationships and find that numeracy matters at all stages of
belief formation: (a) whether to acquire information at all,
(b) what information to acquire, (c) the valuation of the infor-
mation, and (d) the weight that is put on the acquired signal.
Under the plausible assumption that low-numeracy individ-
uals have a higher cost of processing information, the theo-
retical model we outline in section IV can rationalize these
empirical findings.

Future work that tries to understand the dynamics of infor-
mation acquisition and expectation heterogeneity would ben-
efit from high-frequency data on the information sources that

consumers are paying attention to. It would also be important
to shed further light on why different consumers choose to
look at different information sources. Finally, in future work,
it would also be interesting to estimate the model using the
experimental data.36

Besides their implications for modeling expectation for-
mation, our results have implications for the design of infor-
mation interventions. A growing body of research shows that
in a wide range of contexts, providing individuals with accu-
rate information can have substantial effects on their beliefs
and decisions (Duflo & Saez, 2003; Cruces, Perez-Truglia,
& Tetaz, 2013; Wiswall & Zafar, 2015). One of the policy
implications often drawn from this literature is that entities
should make more information widely available and easily
accessible. Our evidence suggests that this strategy may not
be sufficient because individuals may not know which of the
different pieces of information to focus on. Our findings im-
ply that these interventions should either be targeted (provid-
ing consumers with limited but relevant information) or they
should guide consumers to help them weigh and interpret the
various pieces of information.

36Gaglianone et al. (2019) estimate a model where professional fore-
casters face a fixed cost of updating their forecasts and a variable cost
of processing information, as in Sims (2003). They exploit a data set of
Brazilian forecasters who update their forecasts at days of their choice and
participate in a monthly forecasting contest. Their paper, like ours, finds
that the cost and benefit of attention matters for the allocation of attention.
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