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Abstract

We show that, when forming expectations about aggregate inflation, consumers rely on the prices
of goods in their personal grocery bundles. Our analysis uses novel representative micro data that
uniquely match individual expectations, detailed information about consumption bundles, and item-
level prices. The data also reveal that the weights consumers assign to price changes depend on
the frequency of purchase, rather than expenditure share, and that positive price changes loom
larger than similar-sized negative price changes. Prices of goods offered in the same store but not
purchased (any more) do not affect inflation expectations, nor do other dimensions such as the
volatility of price changes. Our results provide empirical guidance for models of expectations
formation with heterogeneous consumers.
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I Introduction

In his seminal islands model, Lucas (1975) posited that agents use the prices they
directly observe in their daily lives to form expectations about aggregate inflation. As
he discussed in Lucas (1975), “[T]he history of prices [...], observed by an individual is
his source of information on the current state of the economy and of the market z in
which he currently finds himself; equivalently, this history is his source of information
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on future price.” Although Lucas did not aim to provide a literal description of reality,
this assumption triggered a debate about its logical consistency and realism. Despite the
relevance of this assumption for modern models of belief formation, such as models of
rational inattention, the evidence to assess its plausibility is scant.

In this paper, we investigate the extent to which consumers rely on the grocery-
price changes they experience in their consumption bundles to form expectations about
aggregate inflation. Our data uniquely link individual expectations, consumption bundles,
and item-level prices. The richness of these data allows us to investigate the characteristics
of price changes that matter the most in the expectations-formation process. We find
that the price changes of goods consumers purchase influence their expectations about
aggregate inflation significantly. When we dig deeper to understand which features of
price changes matter, we find that the weight consumers assign to grocery price changes
depends on the frequency of purchase, rather than the expenditure share, and that positive
price changes receive a larger weight than negative ones. The prices of goods in the same
store that the consumer does not purchase (any more) do not affect inflation expectations,
nor do other dimensions of price changes such as their volatility.

These results are a robust feature of the data and do not depend on details of the
inflation calculation such as considering gross rather than net prices; using shopping trips
or volume to compute the frequency weights; varying the time horizon or the granularity of
the definition of goods; moving from Laspeyres to alternative types of statistical weights;
excluding goods purchased at low frequencies; or using the maximum or median price
changes to calculate household-level inflation.

Our results are important in that they provide empirical guidance on which features
of price changes are relevant, or irrelevant, to the formation of macro expectations. As
such, they help advance models featuring heterogeneous beliefs and rational inattention.

To analyze the role of household-specific price changes on beliefs, we construct a

novel data set. We combine detailed information about the quantity and prices of the



non-durable consumption baskets of more than 90,000 households in the Kilts Nielsen
Consumer Panel (KNCP) with new survey data on expectations we elicited from all
members of the Nielsen households in June 2015 and June 2016. These data uniquely
allow us to construct household-level inflation measures and match them with the inflation
expectations of each survey participant at the time they shopped for groceries. Because
of this level of granularity, we can study in detail which price changes are most relevant to
shape inflation expectations, while keeping constant a large range of observables as well
as other personal and macroeconomic expectations.

We construct a variety of household-level inflation measures, which capture
alternative features of personal grocery price changes. Our first measure, the Household
CPI, mirrors the Consumer Price Index (CPI), but uses each household’s non-durable
consumption basket instead of the representative consumption basket. The Household
CPI is a significant predictor of 12-month-ahead inflation expectations. For example,
when we group households into eight equal-sized bins of Household CPI, the difference
in expected inflation between households in the lowest and highest bin is 0.5 p.p. This
difference is economically sizable given a realized inflation rate of around 1% during the
same period. The results hold conditioning on a rich set of demographics including age,
income, gender, marital status, household size, education, employment status, and risk
tolerance. Within-individual analyses across the two survey waves also confirm the results.
Thus, time-invariant individual characteristics, such as cognitive abilities or financial
sophistication, cannot explain our findings.

Given this evidence on the influence of personally experienced price changes, we then
ask whether consumers weigh price changes based on expenditure shares, as the CPI
assumes, or if instead the frequency with which consumers are exposed to price changes
of different goods (see Angeletos and Lian (2016)). Our second measure, the Frequency
CPI, uses the frequency of purchases to weigh shopping price changes. The positive
association between the Frequency CPI and inflation expectations is 20-40% larger than
the association of the Household CPI. In a horse race, the coefficient of the Household
CPI shrinks to zero and loses statistical significance, whereas the statistical and economic
significance of the Frequency CPI barely changes. Using the number of trips in which
households purchase a good or considering only goods households purchase in high volumes
to compute alternative versions of the Frequency CPI does not change the results.

We also consider a large array of additional features of price changes that might



affect their role in consumers’ belief formation, including their sign, volatility, horizon,
and technical details of the inflation weighting. The one aspect that robustly matters is
that positive price changes influence expectations more than negative ones. This result
is consistent with Cavallo et al. (2017), who argue that households pay more attention to
price increases.

As a final step, we assess the economic magnitude of our findings: To what extent does
heterogeneity in experienced inflation rates explain observed heterogeneity in inflation
expectations? Answering this question is not straightforward since the R? obtained
in the baseline analysis is estimated on survey data, which tends to suffer from noise
and measurement error, also due to rounding and heaping (Heitjan and Rubin (1990),
Jappelli and Pistaferri (2010)). We start from a set of simulations that confirm the
role of these known features of survey data in our setting. We then develop a more
informative benchmark following the approach of Card and Lemieux (2001) to average
out reporting noise in individual-level survey data. Specifically, we average the micro
data within geography-based cells and then re-estimate the model on the less granular
samples. The resulting R? increases monotonically with the size of the geographic areas,
which is consistent with substantial amounts of noise being present in the micro data.
With the maximum feasible noise averaged out, we obtain an R? of up to 28% without
any controls and 79% with controls, indicating that heterogeneity in price exposure goes
a long way toward explaining heterogeneity in inflation expectations after accounting for

survey-induced noise.

Related Literature. Our analysis builds on prior work that demonstrates the large
heterogeneity across households, both in terms of inflation in their consumption bundles
(Kaplan and Schulhofer-Wohl (2017)) and in terms of inflation expectations (Bachmann
et al. (2015)). Our household-level evidence suggests that consumers interpret price
changes in their bundles as signals about aggregate price changes. We also build on Cavallo
et al. (2017), who study the formation of inflation expectations in high- and low-inflation
countries, based on recording one grocery bundle for a cohort of grocery shoppers. Our
data record household-level shopping bundles for several years and multiple shopping
trips, which allows creating several measures of realized inflation at the household level
and to investigate which features do or do not matter in the formation of household-level
expectations. We also observe both the realized and expected inflation within consumers

over time, which allows us to abstract from time-invariant individual characteristics. We



also build on Kuchler and Zafar (2019), who show individuals extrapolate from local
house-price changes they observe in their counties to expectations about US-wide real
estate inflation.

Finally, we relate to recent work on the determinants of cross-sectional variation in
inflation expectations: Malmendier and Nagel (2015) show that cohorts form inflation
expectations based on their personal lifetime aggregate inflation experiences. Other
work on heterogeneity in beliefs formation include D’Acunto et al. (2019a,b,c), who
show cognitive abilities are strongly correlated with forecast accuracy, uncertainty about
future inflation, and responses to measures of fiscal and monetary policy. Coibion,
Gorodnichenko, and Weber (2018) and D’Acunto, Hoang, and Weber (2019) show policy

communication impacts inflation expectations differently across demographic groups.

II Data on Expectations and Consumption

Our data combine the Chicago Booth Expectations and Attitudes Survey (CBEAS),
which we fielded in two waves in 2015 and 2016, and the Kilts-Nielsen Consumer Panel
(KNCP). The KNCP is a panel of about 40,000-60,000 households from 2004-2018.
Households report demographic characteristics as well as the prices, quantities, and
shopping outlets of their consumption bundles. To avoid measurement and reporting
errors, panelists use a Nielsen-provided optical scanners similar to those grocery stores use
to read barcodes. The sample spans through 52 major consumer markets and nine census
divisions. It records purchases of 1.5 million unique products, which include groceries,
drugs, small appliances, and electronics. Nielsen estimates the KNCP covers about 25%
of US households’ consumption.

The CBEAS is a 44-question customized survey, which we designed in March
2015 and fielded in two waves (June 2015 and June 2016). The final sample includes
92,511 households. In the first wave, 49,383 respondents from 39,809 unique households
completed the survey (43% response rate). The second wave had 43,036 unique
respondents from 36,758 unique households. Of those, 15,104 only participated in wave
1, 7,269 participated only in wave 2, and 18,373 participated in both waves.! The survey
builds on the Michigan Survey of Consumers, the New York Fed Survey of Consumer
Expectations, as well as the pioneering work of de Bruin et al. (2011), Armantier et al.
(2013), and Cavallo, Cruces, and Perez-Truglia (2017). We first elicit demographic

IThe average response time was 14 minutes and 49 seconds in the first wave and 18 minutes and 35
seconds in the second wave, which includes a few more questions.



information the KNCP does not provide: college major, employment status, occupation,
income expectations, rent, mortgage, and medical expenses. We also ask for the primary
shopper of the household. We then elicit perceived inflation (over the previous 12 months)
and expected inflation (over the next 12 months), in terms of both point estimates and

the full probability distribution.?

Summary Statistics. The working sample consists of 59,126 individuals for whom
we observe complete data from both the KNCP and survey responses. To limit the role
of outliers, we winsorize all continuous variables at the 1%-99% level.

As shown in Table 1, the average age is 61, and, as in Kaplan and Schulhofer-Wohl
(2017), women outnumber men. Five percent of respondents are unemployed and almost
three quarters own a house. The average household size is 2.2. Survey respondents
are more educated and wealthier than the average US individual: Almost half of the
respondents hold a college degree. Survey participants expect, on average, stable income
over the following 12 months, with a median income bracket of USD 45,000-60,000. In
terms of racial and ethnic composition, 85% of the sample is white, 8.5% black, and 3.1%
Asian.

Participants expect, on average, one-year-ahead inflation of 4.67%. Figure 1.A plots
the distribution of 12-month-ahead expected inflation rates. Consistent with other surveys
(e.g., Binder (2017)), we see substantial mass between 0%-5% and bunching at rounded
multiples of 5%. The cross-sectional dispersion is substantial, ranging from -20% to +45%.
Overall, our expectations data are similar to those in the MSC and SCE.

Appendix-Table A.1 reports summary statistics for these variables separately for
respondents who participate only in the first wave, only in the second wave, and in both
waves. No substantial differences in observables exist across these groups, which suggests

that observable characteristics barely explain attrition.

IIT1 Household CPI and Frequency CPI

A. Defining Household-level Inflation
We define household-level inflation by mimicking the CPI:

N
A n,j n,j
Household CPI;; = 2ozt APnji X W 2 (1)
s N
Do Wi

2We randomized between two sets of questions: The Michigan Survey of Consumers (MSC)-inspired
question asks about the prices of things on which respondents spend money. The New York Fed Survey
of Consumer Expectations (SCE)’s question asks specifically about inflation.




Figure 2: Timeline of Inflation Measurement and Surveys

Survey 1 Survey 2
June May June May June May June
2013 2014 2014 2015 2015 2016 2016
Base pzariod 1 Measurement period 1 Measurement period 2
Inj0 & Pnjo = Base period 2 Inj2 & Pnj2

Inj1 & prja

where Ap, ;: is the log price change of good n bought by household j at time ¢, and
Wnj = Pnj0 X qnjo is the weight of good n in the inflation rate for household j, with ¢, ;¢
being the amount of good n household j purchased in the base period. We use June 2013
to May 2014 as the base period for the first survey wave, and calculate price changes until
the month before we fielded the first survey, i.e., June 2014 to May 2015. The timing
varies accordingly for the second wave, fielded in June 2016 (see Figure 2).

Defining expenditure shares and price changes at the household level poses a set of
conceptual and empirical challenges that do not arise in a representative-bundle setting.
One such issues is seasonality in spending. We follow Kaplan and Schulhofer-Wohl (2017)
and calculate volume-weighted average prices during both the base year, p, jo, and the
year over which we measure inflation, p,, ;1. Another issue is that households might stop
purchasing specific products over time. In this case, we impute entries based on the
price of the good at the finest geographic partition available (county, state of residence,

country).? All results are virtually identical if we do not impute any prices.

B. Household CPI and Inflation Expectations

Our baseline analysis estimates the following model by ordinary least squares:

Eipsiir = a+ B X g1 + Xiy + Eiy 4 nw + 19 + 0 + 16 + 11 + €, (2)
where Em;; ;41 is the inflation rate individual ¢ expects for the next 12 months,
measured in percentage points; m; ;1 is the Household CPI; Xj is a vector of individual
characteristics (age, age squared, sex, employment status, home-ownership status, marital
status, household size, college dummy, race dummies, risk tolerance), and E; is a vector of
expectations about household income, the aggregate economic outlook, and the personal
financial outlook for the following 12 months. The survey-wave fixed effects n,, allow for

systematic differences in (expected and realized) inflation between 6/2015 and 6/2016.

3If we still cannot find the price, we assume no price change. The last two steps almost never arise.



The inflation-question fixed effects n, allow for systematic differences in expected inflation
when asked about inflation versus changes in prices. County fixed effects 7, absorb
unobserved time-invariant differences across counties. Individual fixed effects 7; are
included in the most restrictive specifications, and absorb unobserved time-invariant
differences across individuals. The income fixed-effects 7; consist of the 16 income
dummies from Nielsen. We cluster standard errors at the household level to allow
for arbitrary correlation in residuals across respondents within household, all of whom
experience the same household-level inflation.

Columns (1)-(3) of Table 2 report the estimation results. We find a significantly
positive relation between expected inflation and Household CPI. A one-standard-deviation
increase in Household CPI is associated with a 0.17 p.p. increase in expected inflation,
about 4% of the average expected inflation in the sample. The size of the association barely
changes when we partial out a rich set of demographics, other individual expectations, and
county fixed effects. The within-individual association in column (3) is slightly higher,
which suggests that unobserved differences across consumers are unlikely to explain our
findings. These results support the assumption in Lucas (1975) which, to the best of our
knowledge, had not been formally tested with individual data.

C. The Role of Purchase Frequency: Frequency CPI

The Household CPI assumes that consumers weigh price changes by expenditure
shares. Recent research in macroeconomics, though, proposes that price changes agents
observe more often might be perceived as more precise signals (e.g., Angeletos and Lian
(2016)) and/or might be easier to recall. We thus test if frequently-purchased goods
have a larger impact on expectations. We define a Frequency CPI using the frequency of
purchase in the base period as the weight in the household’s consumption basket, w; ; =
fijo—1, where f; ;o1 is the total quantity household 7 purchases of good j throughout
the 12-month base period.

The distributional properties of the Frequency and Household CPI differ. Figure 1.B
sorts survey respondents into eight bins, separately for each measure, and reports average
expected inflation for each bin. The resulting range in expected inflation is 0.5 p.p. for the
Household CPI, but 40% larger, 0.7 p.p., for the Frequency CPI. This value is sizable as
it corresponds to about 47% of realized inflation in the US during the period we consider.

Columns (4)-(6) of Table 2 confirm the association from the raw data. Replicating

specifications of columns (1)-(3) using the Frequency instead of the Household CPI, we



estimate the association with inflation expectations to be 20%-50% larger. When we
include both measures, in columns (7)-(9), the coefficient on the Household CPI shrinks
towards 0 and is no longer significant. The point estimate on the Frequency CPI, instead,

barely changes relative to columns (4)-(6), and remains statistically significant in all cases.

D. Robustness

These results are a robust feature of the data.* They are very similar when using
changes in gross rather than net prices (Appendix-Tables A.2), or when using the share
of shopping trips in which an item is purchased and overweighing goods sold at higher
volumes (Appendix-Tables A.3). Neither of the alternative frequency definitions explain
the cross-section of inflation expectations beyond the Frequency CPI (col. 3 and 6).

We also explore the role of price changes over shorter horizons. In Appendix-Table
A4, columns (1)-(3), we include Alternative CPIs that calculate household-level inflation
over the prior 1, 6, or 12 months. These specifications also address concerns about reverse
causality from consumers’ perceptions and expectations to what to buy—consumers
expecting worse times (and low inflation) buying goods with smaller price increases.
Under such a mechanism, we would expect the price changes of the recently purchased
goods to drive our results. Empirically, however, these price changes do not explain the
cross-sectional variation of expectations conditional on the Frequency CPI.

Another aspect of the Frequency CPI that we explore is the use of average prices
in the base and measurement period to construct price changes. Although the average
summarizes information about all price changes consumers observe, values such as the
maximum or median might be more memorable and hence matter more in the expectations
formation process. Columns (4)-(5) of Appendix Table A.4 show that neither the changes
in maximum or median prices explain expectations beyond the Frequency CPI.

A third aspect we consider is the level of granularity. The Frequency CPI defines price
changes at the UPC level—the finest possible category of goods consumers observe. What
if consumers think about price changes in broader categories, such as group, department,
or module? Appendix-Table A.5 shows these broader categories, or using the prices at
the stores instead of the ones scanned by households, do not add explanatory power.

Finally, we consider alternative weighting schemes. Columns (2)-(5) of Appendix-
Table A.6 show that indices using Fisher, Paasche, or other weights do not add explanatory

power to the baseline Frequency CPI, which follows the Laspeyres index construction.

4We thank Greg Kaplan and four referees for suggesting several of the variations we study below.



IV  Which Price Changes Matter Most?

Our results so far reveal that the price changes to which consumers are exposed
more frequently help explain their inflation expectations. We now ask whether there are
particular types of goods or types of price changes that matter most, possibly because

they capture consumers’ attention and make price changes easier to recall.

Positive Price Changes. Positive price changes represent a loss for shoppers, and
might influence expectations more than negative ones. In Table 3.A; column (1), we
substitute the Frequency CPI from the baseline specification with two CPIs that use only
positive or only negative price changes. We find that the experiences of positive inflation
significantly influence expectations, whereas the experienced deflation does not matter.

A similar insight emerges when we modify the Frequency CPI to overweigh positive
price changes by a factor of 2 and a factor of 4 (column 2). The CPI that overweighs
positive changes by a larger factor drives the explanatory power of experienced inflation.
We also distinguish the higher explanatory power of positive price changes from a possible
role of ‘frequent price changes.” In column (3), we compute the Frequency CPI separately
for goods whose prices displayed above or below the median price volatility in households’
baskets. Neither has explanatory power.

Overall, consumers appear to put more weight on positive than negative price
changes they experience, a feature that should be incorporated in models of expectations

formation, while volatility does not emerge as a significant factor.

Price Changes of Goods Not Purchased. Our data also allow us to consider
price changes of goods that a consumer does not purchase but that are offered in the
same store at the same time. Testing for the influence of such goods, though, requires a
consideration set that avoids a mechanical non-result: If we used all goods in the shopping
outlet, a non-result would be unsurprising as consumers would not even have noticed many
of them. To avoid this confound, we consider only goods that households have bought in
the past. Shoppers are likely aware of their prices and, in fact, might not have purchased
them because of a large, salient price increase. Nevertheless, we find that an Alternative
CPI based on the price changes of goods households no longer purchase does add not any
additional information about inflation expectations beyond the Frequency CPI (Table
3.B, column (1)).

We also consider restricting, rather than expanding, the set of goods a household



may take into account when forming beliefs about inflation. In column (2), we include
a measure that restricts the CPI calculation to goods bought at least twice in the base
period, and in column (3), to goods bought at least once in the measurement period.

Neither alternative CPI has explanatory power relative to the default Frequency CPI.

V  Survey Noise and Measures of Fit

As the final step, we assess how large the influence of personal exposure is: To
what extent does heterogeneity in experienced inflation explain heterogeneity in inflation
expectations? Using survey data complicates answering this question. Estimations using
survey data tend to have a low R? even when the estimated model is correct because of
noise in individually reported values and the tendency of respondents to round to integers
or multiples of 5 (see, e.g., Heitjan and Rubin (1990), Jappelli and Pistaferri (2010)).

We proceed in two steps. First, we ask the following questions: If our proposed model
were true in the underlying data generating process, implying an R? of 1, how much noise
would be needed to obtain an R? akin to that in our baseline estimation? Table A.7
reports the corresponding simulations. We assume the estimating equation of column (5)
in Table 2 as the true association between inflation expectations and the Frequency CPIL.
In Panel A, we allow for 70% of individuals rounding to multiples of 5, as is the case in our
data. We vary the amount of zero-mean normally-distributed noise from 0 (column 1) to
10 (columns 2-11) at increments of 1. Adding noise reduces the measured fit from 82% to
5%. Results in Panel B, without any rounding, are similar. In Panel C, we proxy for an
empirically plausible level of noise setting the standard deviation equal to the one of the
estimated residuals of the specification we assume to be true (7.8%) and vary the degree
of rounding. Across all columns, the R? is similar to our baseline estimation. Panel D
shows that rounding without any noise reduces the R? only partially. All simulations are
consistent with the R? in our baseline estimation reflecting survey noise, and the implied
amount of noise is empirically plausible.

In a second step, we develop an appropriate measure of explanatory power. We follow
Card and Lemieux (2001) and re-estimate our model after averaging the micro data within
less granular partitions. The within-partition averages preserve relevant information from
the original data but wash out noise due to rounding and outliers. The implication of
individual-level survey noise is that the R? should increase monotonically as the partitions
become larger.

A natural choice for the partitions are geographic areas, which allow us to consider

10



various levels of granularity all fully included within each other. In Table 4, we collapse
the individual-level data within geographic cells whose size increases moving to the right:
ZIP code, county, 3-digits FIPS code, state, and census region. The three-digit FIPS code
is assigned to counties in alphabetical order within each state, and the same codes are
used across all 50 states. Thus, this partition pools together geographic areas in different
states that typically do not share any borders. It allows us to verify that the averaging
of noise, rather than common geographic shocks, explains the increase in R? as we reduce
the number of partitions.

Table 4 shows that, when moving from the finest to the broadest geographic partition,
the R? increases monotonically, consistent with substantial amounts of noise in the micro
data. With the maximum noise averaged out, we obtain an R? of up to 66% without
any controls and 69% with controls. Hence, heterogeneity in price exposure goes a long
way toward explaining heterogeneity in inflation expectations after accounting for survey

noise.

VI Conclusions

We document that household-level grocery-price changes significantly affect inflation
expectations. We use unique, representative US data that link individual expectations to
items purchased, frequency and outlet of purchase, and paid prices. These rich data also
reveal which features of experienced price changes matter in the formation of inflation
expectations—the frequency of purchase and the positive sign of price changes—, and
inform advances in heterogeneous-beliefs models. Our findings motivate more research on
the cognitive process agents use when forming expectations that drive economic decision
making.

Future work might aim to understand how price changes in the non-grocery part
of households’ bundles interfere with grocery price changes. Another fruitful avenue for
research is understanding how the inflationary environment in which consumers form
expectations interacts with the role of personally experienced prices changes. For instance,
is it optimal for consumers to focus on personal shopping experiences when forming
expectations in a stable inflation environment, but to shift the focus on aggregate inflation

in volatile times, as Frache and Lluberas (2018) suggest using firms’ inflation expectations?
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Figure 1: Grocery Shopping and Inflation Expectations: Raw Data

Panel A. Inflation Expectations

Density of 12-month-ahead Inflation Expectations

Panel B. Grocery Shopping and Inflation Expectations

Inflation Expectations by bins of CPI

5
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Notes. Panel A plots the distribution of inflation expectations, and Panel B the averages of inflation
expectations across households in eight equal-sized bins by experienced inflation. Inflation expectations
are from the customized Chicago Booth Attitudes and Expectations survey fielded in 6/2015 and 6/2016.
We use the micro data from the Kilts-Nielsen Consumer Panel to create different measures of experienced
inflation. We use the 12 months before June of the survey wave as the measurement period, and the 12
months before that period as the base period. Household CPI uses the Nielsen expenditure shares in the
base periods as weights, and Frequency CPI uses the frequencies of purchase in Nielsen in the base period
as weights. 13



Table 1: Summary Statistics

Notes. This table reports summary statistics of the main independent and dependent variables for our
running sample. Expected Inflation and Perceived Inflation are reported numerical expectations and
perceptions of inflation rates for a 12-month period, and are bounded between -100 and +100 percentage
points. Household CPI and Frequency CPI are the measures of household-level grocery inflation based
on scanner data from the Kilts-Nielsen Consumer Panel. Both measures are computed over a horizon
of 12 months before the respondent took part in the Chicago Booth FExpectations and Attitudes Survey.
Income Outlook, Economic Outlook, and Financial Outlook are qualitative respondent expectations on
the soundness of income growth, personal financial conditions, and overall economic outlook of the country
for the following 12 months, and are bounded between 1 (very bad) and 5 (very good).

Observations Mean St. dev. Min 25th  Median 75th Max

Age 59,118 61.4 12.9 21 54 63 70 102
Male 59,126 0.36 0.48 0 0 0 1 1
Unemployed 59,126 0.05 0.22 0 0 0 0 1
Home Owner 59,126 0.74 0.44 0 0 1 1 1
Household Size 56,227 2.19 1.11 1 1 2 3 9
College 59,126 0.48 0.50 0 0 0 1 1
Income Outlook [1-3] 59,126 2.18 0.90 1 1 3 3 3
Economic Outlook [1-5] 59,126 2.69 1.04 1 2 3 4 5
Financial Outlook [1-5] 59,126 3.00 0.88 1 2 3 4 5
Expected Inflation 59,126 4.67 8.20 -15 0 2 6 50
Perceived Inflation 59,126 4.44 8.27 -20 0 2 5 45
Household CPI 59,126 0.81 7.14 -17.5  -3.17 0.23 4.02 27.16
Frequency CPI 59,126 1.61 5.85 -11.71 -1.91 0.83 4.21  23.08

14
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Table 3: Which Price Changes Matter?

Notes. This table reports OLS estimates of regressing individuals’ inflation expectations on the inflation rates in
their household consumption bundles. Inflation expectations are from the customized Chicago Booth Attitudes
and Ezpectations Survey, fielded in 6/2015 and 6/2016. The inflation question is randomized to ask about
changes in prices (as in the Michigan Survey of Consumers) or about inflation (as in the New York Fed Survey).
Measures of experienced inflation are constructed from the Kilts-Nielsen Consumer Panel. We use the 12
months before the June of each survey wave to measure price changes, and the 12 months before that period
as the base period. The Frequency CPI employs the frequencies of purchase (overall quantity) in the base
period as weights, and uses volume-weighted net prices (gross prices net of discounts). In Panel A, the main
independent variables are, in column (1), separate indices for positive and negative price changes; in column
(2), two measures that weigh positive price changes by a factor of 4 and 2, respectively; and in column (3), two
separate Frequency CPIs based on the volatility of price changes in the Kilts-Nielsen Retail Panel. In Panel
B, we include both the Frequency CPI and an Alternative CPI. In column (1), the Alternative CPI uses goods
the consumer did not buy in the measurement period (but bought in the base period). In column (2), the
Alternative CPI includes only goods the consumer purchased at least twice in the base period; and in column
(3), only goods the consumer purchased at least once in the measurement period. Demographic controls include
age, square of age, sex, employment status, 16 income dummies, home ownership, marital status, household size,
college dummy, four race dummies, and reported risk tolerance. Expectation controls include household income
expectations, aggregate economic outlook, and personal financial outlook. All columns include survey-wave,
inflation-question, and county fixed effects. Standard errors are clustered at the household level.

Panel A Positive Price Changes and Volatility
Price Changes Overweigh Pos Price Changes Price
Pos/Neg Factor 2/4 High/Low
(1) (2) 3)
Positive/Factor 4/High 0.211*** 0.315** 0.025
(4.63) (2.04) (0.87)
Negative/Factor 2/Low —0.040 —0.078 —0.039
(—0.84) (—0.25) (—0.51)
Observations 56,212 56,220 49,568
Adj R? 0.042 0.0042 0.042
Demographic controls X X X
Expectation controls X X X
County FE X X X
Panel B Variation in Sample
QBase >07 QMeas =0 QBase >2 QMeas >1
(1) (2) 3)
Frequency CPI 0.212%** 0.218*** 0.229***
(5.47) (4.51) (5.59)
Alternative CPI —0.046 0.024 —0.017
(—1.25) (0.52) (—0.40)
Observations 51,957 56,191 56,195
Adj R? 0.092 0.091 0.091
Demographic controls X X X
Expectation controls X X X
County FE X X X
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Online Appendix:

Exposure to Grocery Prices
and Inflation Expectations
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Not for Publication



€8°G ¢I'T 6922 98°G €9'T  97L9¢ 08¢ 6L T TIT'CI GG 19T 92I°6S 1dD Lousnbaig

9g'L 650 6922 0%'L GL0  9VL'9E 069 8T'T  TIT'GT iAW) 180  921°68 1dD PIoyesnoyq
VL 96°¢  69%°'L 91'8 VeV 9FL'9¢ GL'8 67 TTT'ST 1’8 Vv 931°6S UOTYRPU] POATODIO]
682 0¥y 69%°L 01'8 657 9VL9E LG8 667  TTIT'GT 0z’ L9V 9TT'6S uoryegu] pojoadxy
%60 70'€  69%°L 88°0 86°'C  9¥L'9¢ 68°0 €0'¢  TTT'ST 88°0 00€  92I'6S [6-T] sfoopmQ [eoueuLy
16°0 9% 69C°L €0'T 89°C  9¥L'9¢ 90'T 9L¢  TIT'ST V0T 69C  931°6S [6-T] s{oo[InQ Oruouody
16°0 LT'C  69%'L 06°0 81'c  9VL'9¢ 16°0 8T'c  TIT'ST 060 81'Cc  9%1'6S [¢-T] oopnQ dwoouy
0g°0 670  69%'L 0g°0 670  9¥L'9¢ 0S°0 S0 TTT'ST 0S°0 870  931°6S 939[10D
121 Ve €00°L 90'T 0T'c  PeL'ce LT'T €6C  OLV'ET IT'T 61C  L3G'9S 971§ Ployesnoy
a0 ¢L0  692L €70 GL0  9VL'9¢ 70 7.0 TIT'GT 770 ¥.'0  9%1'6S Ioum() SWOH
a0 c0'0 692 12°0 00 9¥L'9E ec0 G0'0 TTT'GT o0 G0'0  931°6S padorduwoun
670 6€°0  69%°L 870 vE0  9FL'9E 870 LE0  TIT'ST 870 9¢°0  93T°6S oleIN
13’2, '8¢ 89¢'L  clTl TT9  9VL9E  €6°€T 0T9  FOT'ST 6CT 7’19 SIT'6S a3y

"A9D 31§ UeIIN 'Sq0O "A9D 31§ TR Sq0O ‘A9D 31§ UeoN Sq0O "AOD 1S UeIIN Sq0O

¢ 9repM\ ATuQ C 73 T 9ARA\ T 9ARA\ ATUQ) ordureg g

(poo3 A1ea) ¢ pue (peq
AIoA) T U9OMIDQ POPUNO( dIR PUR ‘SYIUOW g] SUIMO[[O] 8T[} I0] AIIUNOD o1} JO JOO[INO DIUIOU0ID [[RISAO PUR ‘SUOI}IPUOD [RIDURUY [eUosIad

“UIMOIS SUWIODUL JO SSOUPUNOS S} U0 Suolpe)dadxe juepuodsel aArjelenb are joo[n() [RIDURUL] PUR ‘YOO[IN() dIWOUOIY YOO[IN() SWOIU]
fioaung sapnuy puv suoynoadriy yr00g 0bvory) oy ur 1red ool juepuodsar o1} 910Ja( SYIUOU gT JO UOZLIOY ®© I9A0 Pajnduiod are SoInseoul
qi0g 7oUDJ LOWNSUOL) UISJIINT-S1]2Y] OT) WOIJ BIeP IOUURIS UO PISB( UOIRPUI AI9D0IS [9AS[-P[OYSSTNIOY JO SOINSBOW o1} IR [J)) Aouonboiq
pue 14D proyesnoy -syutod afejueoied ()0T+ pue (O]- UeOMIdq PapuNo( aIe pue ‘poled Yjuow-g] ® I0J sojel uorjepur jo suorydeotad pue
suorjpe}dadxe [eOLIOWNU PalIodal oIv UOIIRPU] POAISIISJ PUR UOI)RPU] Paldadxr -seAem [joq pue ‘g arem A[UO ‘T aaem AJUO Jo sjuspuodsal
10} ‘Aogeredss ‘pue ordures SUrUUNI INO I0] so[qeLIRA Juopusdop pue juepusdopul UreW o) JO SO1ISI)R)S Arewrmuns s)10dol o[qey SIY T, "SIEON

seABA\ ssoady uoljeddijred Aq soiysijelg Arewrmung (1Y o[(R],



10°0 > d ,,'G0°0 > d ,,.01°0 > d,
sosoyjuared U SO1ISIIR)S-}

X X X o [enpraipuy
X X X X X X g £punon)
X X X X X X S[0I3U0D Uo13e}29dX
X X X X X X s[o13u09 orydeISomwa (|
Gall] 160°0 820°0 Gall] 160°0 820°0 Sl 060°0 8200 2 py
03G99 02295 931°65 02295 03595 9¢1°6S 03595 0G99 92165 SUOIYeAINSq ()
(6L1) (92°¢) (1€°¢) (0z°€) (66'7) (86'F%)
OLT'0 wsPTT0 4wk I6T°0 w5x6E8C°0  4xxlBT0 4496170 IdD £ouenbarg
(€8°0) (e7'0-) #1°0) (6L2) (8¢°¢) (08°€)
L0°0 c00— 100 wx0LT'0  wkbCT°0  +xOFT°0 IdD Ployesno

(6) (8) (L) (9) (9) (v) (€) (2) (1)

"[PAS] PIOYOSTIOY o1} J8 POIoISN[D IR SIOLID PIRPURIG "PoJeIIpPUl st osimdols sjoojjo poxy
[eNPIAIPUL pue AJUNOD PP oM PUR ‘SO0 POXI] UOI}SoNDb-UOIIRPUI PUB 9ABM-AOAINS SPN[OUI SUWN[OD [y "YOO[INO [emueuy [euosiod pue
‘Y{OO[IMO DIUIOU029 91BFIF3R ‘SuoIIR)dodXe QUWIOOUI PIOYSSTIOY OPNIOUL S[OIIU0D UOIIRIVAXH ‘9oURIS[O) YSLI PolIodol pue ‘soruimunp oovl
moj ‘Awruunp 989[[00 ‘9ZIS P[oYasnoy ‘snjels [eijrrew ‘dIfSIoUmMO 9WOY ‘Soruuwnp awooul 97 ‘snjels juowdojduo ‘xos ‘o98e Jo orenbs ‘o3e
opnpoul s[o1yuoo orgderdomws ‘seotid ss0I8 PajySIom-owN|oA oS S[J)) 0] ‘s1ystom se porad oseq oy ul (£)1uenb [[e1oao) oseyoind jo
sorouenbay o) sesn 1) Louenbaif oY) :s)yFem se sporred oseq oY) Ul soIeys aImjIpuadxo USS[OIN oY) Sosn [J)) P[OYSSNOY oy, ‘porrad
aseq o1} se porad ey} 910J9q SYIUOW g] 93 pue ‘sodueyo 9olid 9INSBOUL 0} dABM AOAINS D€ JO SUN[ 9} 9I0J( SYIUOW g] oY) 9Sh I\
POUD SOWNSUO,) UISIIIN-SIJ2Y O} WOIJ PIONIISUOD 9T UOIIRHUI PAOUSLIOdXd JO soInsed]y ‘(A0AIng poJ YIOX MON o) Ul Sk) UOIJeful
IMoqe I0 (SIOWNSUO)) JO AdAING URIIYDIJN oY) Ul se) soolid Ul seSuryD INOge s 0} PozIOpurRI ST uoljsonb uonyeyur oy, ‘910g/9 pue
GT0G/9 Ul pepley ‘fivaing suonnioadssy pun sopnigy Y100 0bporyy) pozIio)snd o1} WOIJ oIk sUolje}dadxe uoreyu] ‘se[pung uordunsuod
PIOYesNOY I07) Ul SojRI UOIRPUI 9} UO SuOre}dodxo UOIJRpUl S[RIPIAIPUI SUISSOISdI JO Sojew)se G () sjrodol o[qe) SIY, "SII0N

S9OLIJ ssodr) :suolyejdadxs uoljyepgu] pue Surddoyg A190015) 7'y 9[qR],



Table A.3: Alternative Frequency Measures

Notes. This table reports OLS estimates of regressing individuals’ inflation expectations on
the inflation rates in their household consumption bundles. Inflation expectations are from the
customized Chicago Booth Attitudes and Ezpectations Survey, fielded in 6/2015 and 6/2016. The
inflation question is randomized to ask about changes in prices (as in the Michigan Survey of
Consumers) or about inflation (as in the New York Fed Survey). Measures of experienced inflation
are constructed from the Kilts-Nielsen Consumer Panel. We use the 12 months before the June
of each survey wave to measure price changes, and the 12 months before that period as the base
period. The Household CPI uses the Nielsen expenditure shares in the base periods as weights;
the Frequency CPI uses the frequencies of purchase (overall quantity) in the base period; the Trip
CPI uses the number of shopping trips in which a good was purchased in the base period; and
the Volume CPI uses only the price changes of goods above the median by purchased volume
at the household level. All CPIs use volume-weighted net prices (gross prices net of discounts).
Demographic controls include age, square of age, sex, employment status, 16 income dummies,
home ownership, marital status, household size, college dummy, four race dummies, and reported
risk tolerance. Expectation controls include household income expectations, aggregate economic
outlook, and personal financial outlook. All columns include survey-wave, inflation-question, and
county fixed effects. Standard errors are clustered at the household level.

Trip CPI Volume CPI
(1) (2) (3) (4) (5) (6)
Alternative CPI 0.172***  0.186™**  0.075 0.175***  0.105** 0.048
(4.24) (3.30) (1.29) (4.42) (2.08) (0.05)
Household CPI —0.021 0.113*
(—0.38) (0.05)
Frequency CPI 0.164*** 0.193***
(2.89) (0.005)
Observations 56,220 56,220 56,220 56,212 56,212 56,212
Adj R? 0.09 0.09 0.09 0.09 0.09 0.09
Demographic controls X X X X X X
Expectation controls X X X X X X
County FE X X X X X X

t-statistics in parentheses
*p < 0.10,* p < 0.05,*** p < 0.01
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Table A.5: Alternative Definitions of Inflation Expectations: Aggregation

Notes. This table reports OLS estimates of regressing individuals’ inflation
expectations on the inflation rates in their household consumption bundles.
Inflation expectations are from the customized Chicago Booth Attitudes and
Ezxpectations Survey, fielded in 6/2015 and 6/2016. The inflation question
is randomized to ask about changes in prices (as in the Michigan Survey of
Consumers) or about inflation (as in the New York Fed Survey). Measures of
experienced inflation are constructed from the Kilts-Nielsen Consumer Panel.
We use the 12 months before the June of each survey wave to measure price
changes, and the 12 months before that period as the base period. We include
both the Frequency CPI and an Alternative CPI as independent variables. The
Frequency CPI employs the frequencies of purchase (overall quantity) in the
base period as weights. The Alternative CPIs aggregates UPCs to the group
level in column (1), to the department level in column (2), and to the module
level in column (3). In column (4), we use prices from the retail panel instead of
individual-level prices to calculate price changes. All CPIs use volume-weighted
net prices (gross prices net of discounts). Demographic controls include age,
square of age, sex, employment status, 16 income dummies, home ownership,
marital status, household size, college dummy, four race dummies, and reported
risk tolerance. Expectation controls include household income expectations,
aggregate economic outlook, and personal financial outlook. All columns
include survey-wave, inflation-question, and county fixed effects. Standard
errors are clustered at the household level.

Group  Department Module Store Prices

(1) (2) 3) 4)

Frequency CPI 0.208*** 0.204*** 0.209*** 0.209***
(5.38) (5.28) (5.40) (5.40)
Alternative CPI —0.043 0.013 —0.012 —0.042
(—1.10) (0.34) (—0.32) (—1.12)
Observations 52,048 52,048 52,048 52,048
Adj R? 0.091 0.091 0.091 0.091
Demographic controls X X X X
Expectation controls X X X X
County FE X X X X

t-statistics in parentheses
*p < 0.10,"* p < 0.05,"** p < 0.01



Table A.6: Alternative Definitions of Inflation Expectations: Weights

Notes. This table reports OLS estimates of regressing individuals’ inflation expectations on
the inflation rates in their household consumption bundles. Inflation expectations are from the
customized Chicago Booth Attitudes and Expectations Survey, fielded in 6/2015 and 6/2016.
The inflation question is randomized to ask about changes in prices (as in the Michigan Survey
of Consumers) or about inflation (as in the New York Fed Survey). Measures of experienced
inflation are constructed from the Kilts-Nielsen Consumer Panel. We use the 12 months before
the June of each survey wave to measure price changes, and the 12 months before that period
as the base period. We include both Frequency CPI and, in columns (2) to (5), an Alternative
CPT as independent variables, which are based on volume-weighted net prices (gross prices net
of discounts). The Frequency CPI employs the frequencies of purchase (overall quantity) in
the base period to construct Laspeyres weights. The Alternative CPIs use Paasche weights
in column (2) and Fisher weights in column (3). In column (4), we construct weights across
both the base and observation period; and in column (5), we use absolute price changes as
weights. Demographic controls include age, square of age, sex, employment status, 16 income
dummies, home ownership, marital status, household size, college dummy, four race dummies,
and reported risk tolerance. Expectation controls include household income expectations,
aggregate economic outlook, and personal financial outlook. All columns include survey-wave,
inflation-question, and county fixed effects. Standard errors are clustered at the household level.

Paasche Fisher Total Absolute

(1) 2) 3) (4) )

Frequency CPI 0.2217*  0.218"*  0.183"*  0.186™*  0.199***
(5.83)  (5.63)  (3.93)  (3.65) (4.42)
Alternative CPT 0.015 0.067 0.050 0.038

(0.38) (1.41) (1.05) (0.84)

Observations 56,220 56,220 56,219 56,195 56,220
Adj R? 0.091 0.091 0.091 0.091 0.091
Demographic controls X X X X X
Expectation controls X X X X X
County FE X X X X X

t-statistics in parentheses
*p < 0.10,"* p < 0.05,*"* p < 0.01
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