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Abstract

People experience inflation differently, and those varied experiences lead to het-
erogeneous expectations across demographic groups and regions. Exploiting cross-
sectional variation leads to estimates of the impact of inflation expectations on
inflation using survey expectations from the Michigan Survey of Consumers and
its rich demographic data. The identifying assumption is that demographic groups
have heterogeneous consumption baskets and their inflation expectations reflect
their varied exposure to sectoral price changes. A shift-share instrument interacts
the national survey expectations by a group with each group’s share of a region’s
population. A one percent increase in expected inflation will lead to a 60 basis point
increase in (regional) inflation. The effect of long-run inflation expectations (e.g.,
over a 5-10 year horizon) has an economically and statistically insignificant impact
on inflation rates. The critical identifying variation comes from younger, married
consumers with at least a high school degree. Inflation expectations most strongly
impact non-durable goods prices.

JEL Classification: D82; D83; E40; E50

Keywords: expectations, inflation, survey data.

1. Introduction

How do subjective inflation expectations impact inflation rates? Macroeconomic mod-
els suggest a significant role forward-looking inflation expectations play in the economic
decisions of households, firms, and policymakers. In part, households base consumption

∗Complete replication and robustness files available at https://github.com/William-
Branch/groupexpects.
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demand, labor supply, and asset portfolio allocations on their subjective beliefs about
the future path of prices. Similarly, firms incorporate their forecasts of inflation when
setting prices and wages. Central bankers often describe the “anchoring” of expectations
as essential for implementing sound monetary policy.

However, it is unsettled whether it is possible to empirically identify that higher subjec-
tive inflation expectations lead to a higher inflation rate. One way to assess this relation-
ship is to explore the correlation between inflation rates and survey measures of inflation
expectations. Since 1978, the University of Michigan Survey of Consumers has elicited
monthly inflation expectations from a nationally representative sample of households.
There is a strong and positive correlation between survey expectations of twelve-month
ahead inflation and the U.S. inflation rate. However, after including controls, the relation-
ship substantially weakens. Figure 1 documents the empirical relationship between con-
sumer price index (CPI) annual inflation and twelve-month ahead inflation expectations
from the Michigan survey. Figure 1a plots the relationship between aggregate inflation
and mean expectations after controlling for the aggregate unemployment rate and four
lags of inflation. Figure 1b estimates a panel model relating Census regional inflation
to mean regional expectations after controlling for regional unemployment rates, lagged
inflation, and region/time fixed effects. While the unconditional correlation between infla-
tion and inflation expectations is nearly one-for-one, controlling for other factors produces
a significant effect that is substantially weaker. The slope of the regression line is 0.18
and 0.069 in figures 1a-1b, respectively.

An economic interpretation of the regression results in Figure 1 is difficult because
economic theory predicts that inflation expectations are endogenous. The rational ex-
pectations hypothesis holds that expectations are functions of the same state variables
in the data-generating process, and forecast errors are unpredictable. Many models of
non-rational beliefs predict that expectations will move, partly, with the shocks driving
inflation even if beliefs are biased and forecast errors predictable (Mavroeidis, Chevillon,
and Massmann (2009)). The standard approach to estimating the impact of expecta-
tions is to estimate a New Keynesian Phillips Curve with an appropriate instrument for
expectations. Convincing evidence, though, is elusive for various economic and econo-
metric reasons. First, model derivations of the Phillips curve typically assume rational
expectations, a strong assumption. Even when researchers are willing to relax rational
expectations, finding an appropriate instrument requires some assumptions about the
expectation formation process. Second, well-known identification and weak-instrument
problems hinder inference (Mavroeidis, Plagborg-Moller, and Stock (2014)).
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Figure 1: Inflation and inflation expectations
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One limitation of empirical approaches that use aggregate data is that the estimates
cannot capture dimensions of heterogeneity that are important for setting prices across
markets. For example, there is evidence of different sectoral degrees of price stickiness
and monetary policy effectiveness (Cravino, Lan, and Levchenko (2020); Boivin, Gian-
noni, and Mihov (2009); Almas (2012)). Households with different preferences for goods
from specific sectors produce differentiated market baskets and expectations (Angelico
and Di Giacomo (2022)). Households experience inflation differently depending on their
market baskets and varied prices for the same goods (Kaplan and Schulhofer-Wohl (2017),
Hobijn and Lagakos (2005)). Expectations seem to be heavily influenced by the prices
observed by the consumer’s market basket, for instance, grocery store prices (D’Acunto,
Malmendier, Ospina, and Weber (2021); Angelico and Di Giacomo (2022)). Evidence
shows that households, notably different demographic groups, have distinct consumption
baskets and expectations about future inflation (Bryan and Venkatu (2001); D’Acunto,
Malmendier, and Weber (2021); de Bruin, Van Der Klauuw, Downs, Fischhoff, Topa, and
Armantier (2010); Das, Kuhnen, and Nagel (2020)). Firms’ inflation expectations also
reflect their exposure to sector-specific prices (Andrade, Coibion, Gautier, and Gorod-
nichenko (2021)). This paper exploits the rich micro-data of the University of Michigan
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Survey of Consumers to construct an extended panel of inflationary expectations across
demographic groups and geographic regions to identify, in the cross-section, the impact
of inflation expectations on inflation rates.

A simple model of firm pricing motivates the empirical approach. The model assumes
that different households have group-specific preferences over baskets of differentiated
goods. There are a variety of sectors, each consisting of monopolistically competitive
firms. Prices are sticky as in Calvo (1983) and Woodford (2003). In each period, with
some probability, a firm can reset its price. The Calvo updating probability, though,
differs by sector. The model implies that each group of households may have a different
inflation expectation depending on their market basket and that overall inflation is a
weighted average of group-based expectations. The analysis in the paper does not make
any explicit assumption about how consumers formulate their forecasts.

This paper focuses on identifying the impact of inflation expectations on (regional) in-
flation rates. The identifying assumption is that demographic groups have heterogeneous
consumption baskets and their inflation expectations reflect their varied exposure to sec-
toral price changes. The empirical strategy is a differential exposure quasi-experimental
design. Given the cross-regional and cross-group variation in inflation expectations, a
natural instrument for inflation expectations is a shift-share instrument (“Bartik instru-
ment”), as in Bartik (1991), Blanchard and Katz (1992),Almas (2012), and Goldsmith-
Pinkham, Sorkin, and Swift (2020). Constructing the instrument involves interacting the
aggregate survey expectations at the group level with the group’s share of each region’s
population. The assumption is that the demographic characteristics within each region
are exogenous to the unobserved factors driving regional inflation. While demographic
groups may sort endogenously into regions based on the regional price levels (a cost of
living measure), this does not harm identification. The key is that the demographic shares
are uncorrelated with unobserved components of the price level change, i.e., inflation. It
turns out that these group shares are uncorrelated with the non-expectations factors that
predict inflation.

The empirical results find that inflation expectations positively impact the regional
inflation rate. This result is robust across controls for unobservable factors, identification
assumptions, data refinements, and observable covariates. The best estimate finds a more
substantial impact than seen in Figure 1, but still a less than one-for-one pass-through
from expectations to inflation outcomes. A one percent increase in a region’s inflation
expectation will lead to a 60 basis point increase in that region’s inflation rate.

The empirical estimates cannot account for spatial spillovers from shocks to expecta-
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tions across regions. Cross-regional estimates identify the inflationary response to expec-
tations shocks, while the time-fixed effects absorb aggregate general equilibrium impacts.
The estimates are, nonetheless, informative. The estimates presented here are a lower
bound on the impact of consumer inflation expectations on aggregate inflation rates. In
Figure 1, the correlation between expectations and inflation is stronger in the aggregate.
It is reasonable to expect a stronger aggregate pass-through effect, in line with theoretical
results in Werning (2022).

Moreover, cross-sectional analysis helps to understand which groups’ expectations
drive inflation in which sector. The estimates indicate that younger consumers with
at least a high school education are the salient group. Inflation expectations impact non-
durable prices most strongly. These results are helpful for better understanding monetary
policy transmission and provide informative moments for macroeconomic models with
heterogeneous agents.

The empirical framework can also answer whether short-run or long-run inflation ex-
pectations are more important for price stability. The Michigan survey includes household
inflation expectations over a 5-10 year horizon. An extension to the primary results in-
cludes a shift-share instrument for long-horizon expectations. After including time-fixed
effects, only the one-year-ahead expectations have a significant effect on inflation. Time-
fixed effects in this setting capture aggregate effects. So, after controlling for macroeco-
nomic factors, long-horizon expectations have no independent role in the inflation rate.

There have been several studies that point to shortcomings of the Michigan sur-
vey.1. First is a long-standing concern about whether surveys can elicit real expectations.
Second, the Michigan survey features a rotating panel with a subset of respondents re-
interviewing six months later for a second time, which can create selection issues (Binder
and Kim (2021)). Third, survey non-response rates are increasing, making it more diffi-
cult to capture a nationally representative sample. Fourth, the Michigan survey prompts
respondents who report “unreasonable” expectations, and the threshold for the prompt
is endogenous to inflation history. Fifth, the wording of the survey asks about changes in
prices rather than aggregate U.S. inflation.

The first four issues are all addressed in the paper with alternative estimates. Esti-
mates are presented with first-time-only respondents, removing outliers, calculating the
shift-share instrument using group shares in the Michigan survey and the Census’ Cur-
rent Population Survey. The question about wording is a feature of the empirical strategy

1See Weber, D’Acunto, Gorodnichenko, and Coibion (2022) for an extended discussion.



6

implemented here. The identifying assumption is that consumer inflation expectations
reflect the changes in prices from their market baskets. The estimates provided repre-
sent the impact of consumer inflation expectations under the assumption that inflation
expectations reflect a weighted average of sectoral inflation rates.

The paper proceeds as follows. Section 2 describes the variation in the data on inflation
expectations that is key for identification. Then, Section 3 presents the empirical model
and the identification strategy. Sections 4 and 5 detail the estimates.

1.1 Related literature

The empirical framework here follows and complements research into household-level
heterogeneity in consumption baskets and inflation rates. Hobijn and Lagakos (2005)
use Consumer Expenditure Survey data to estimate household-specific consumption bas-
kets and exploit the cross-sectional heterogeneity to construct household-level inflation
rates. Similarly, Kaplan and Schulhofer-Wohl (2017) employs scanner data from the Kilts-
Nielsen Consumer Panel to construct household-level inflation rates. While Hobijn and
Lagakos (2005) find evidence that households consume different mixtures of certain goods
like education, medical services, and energy, Kaplan and Schulhofer-Wohl (2017) find for
a broad range of non-durable goods that two-thirds of the cross-household variation in
inflation rates comes from paying different prices for the same good and one-third from
the bundle mix within categories of goods. ? estimate a connection between the changes
in prices faced by a household and their aggregate inflation expectations. They merge
data on quantities and prices of non-durable goods from a subset of the Kilts-Nielsen
Consumer Panel with survey expectations from the entire panel. Variation in grocery
store prices for goods that individuals most often purchase impacts their expectations of
inflation.

On the other hand, this paper focuses on inflationary outcomes, taking the previous
findings as the basis for the critical identifying assumption that expectations reflect the
prices in a consumer’s consumption basket. Those prices could reflect different bundles of
goods as in Hobijn and Lagakos (2005), cross-store heterogeneity in prices for the same
goods or mixes of quantities of closely related goods as in Kaplan and Schulhofer-Wohl
(2017), or attention to frequently purchased grocery goods as in D’Acunto, Malmendier,
Ospina, and Weber (2021). The assumption here is that those prices faced by households
differ by demographic groups, and exploiting the cross-sectional variation identifies the
impact of expectations on actual inflation outcomes.
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The results here also relate to the literature examining expectations’ economic role.
D’Acunto, Malmendier, Ospina, and Weber (2021) find that households with inflation
expectations tend to influence portfolio allocation decisions. Bachmann, Berg, and Sims
(2015) use Michigan survey data to assess the connection between household readiness to
spend and inflation expectations. Burke and Ozdagli (2022) use survey data to provide
evidence linking spending on durable goods with inflation expectations during the ZLB
period in the U.S.. Crump, Eusepi, Tambalotti, and Topa (2021) use responses to the
New York Fed Survey of Consumer Expectations to estimate the intertemporal elasticity
of substitution between expected consumption growth and the expected real interest rate.
Tanaka, Bloom, David, and Koga (2020) identifies a connection between firm managers’
GDP forecasts and business decisions. Armantier, de Bruin, van der Klaauw, Topa, and
Zafar (2015) find consistency between survey expectations and a financially incentivized
experiment. Kuchler, Piazzesi, and Stroebel (2022) review research that finds a connection
between home price expectations and individual market behavior.

The focus of the results here is the impact of subjective inflation expectations on
inflation rather than the determinants of inflation expectations. Besides the papers men-
tioned above, there is a venerable history documenting failures of rational expectations
and evidence for boundedly rational expectations in survey data. For example, Evans
and Gulamani (1984) develops tests for unbiasedness, efficiency, and serially uncorrelated
forecast errors in survey inflation expectations. Carroll (2003) similarly rejects rational
expectations in the Survey of Professional Forecasters. Branch (2004) and Branch (2007)
estimate models where survey respondents are distributed across rational expectations
and various alternative adaptive learning rules. They find time-varying degrees of het-
erogeneity in the Michigan survey. Coibion and Gorodnichenko (2015) and Coibion and
Gorodnichenko (2012) find evidence for models of inattention in expectation formation.

2. Data

Regional inflation is computed from the BLS consumer price index series for all urban
consumers and all items across the four census regions (west, midwest, northeast, and
south).2 The annual inflation rate is the log difference expressed in percentage points.
BLS coverage began in 1966, but the survey data series has been available monthly since
1978. This period covers six recessions, including the disinflation in the early 1980s, the

2The Michigan Survey of Consumers does make some studies available with more granular location
identifiers. However, it is impossible to construct a long panel, given the paucity of these studies.



8

Great Recession in 2007-2009, the COVID recession, inflationary periods in the late 1970s,
and the post-pandemic era. Regional inflation rates covary, have different variances and
can be quite different during specific periods.

Inflation expectations come from the University of Michigan Survey of Consumers
(“Michigan survey”). The survey has been conducted monthly since 1978 and consists
of 600 or more respondents. Roughly 60% of survey respondents are new to the survey,
while the remaining 40% are re-interviewed for a second time six months after their first
interview. A respondent appears in the survey no more than two times. The sampling
procedure uses the universe of telephone numbers to obtain a nationally representative
sample. Since 2015 this has been the universe of cellular telephone numbers. The re-
interviews are randomly drawn from the numbers of respondents in the survey six months
prior. So, the survey sample is not a balanced panel. The presence of the prior respondents
does raise some concerns. First, telephone response rates are higher for the re-interviews.
Second, there is the possibility of a sample selection bias if the probability of a respondent
appearing a second time in the survey is correlated with their inflation expectations; for
instance, if more accurate forecasters are more likely to participate in the survey again.
Similarly, during the intervening six months, a respondent could become more attentive
to inflation news (Binder and Kim (2021)). The analysis below considers alternative
specifications to address this potential concern.

The Michigan survey asks consumers a wide variety of questions. The two questions
of interest here relate to the expected evolution of prices. In particular, after soliciting a
respondent’s views on whether prices will increase or decrease, they are then asked,

PX1 By about what percent do you expect prices to go (up/down) on the average, during
the next 12 months?

PX5 By about what percent per year do you expect prices to go (up/down) on the
average, during the next 5 to 10 years?

Responses are in percentage points.3. An ongoing concern with the Michigan survey’s
measure of inflation expectations is the presence of outliers. Throughout the sample, some
survey responses are unreasonable; i.e., deflation rates of 20% or more during the late 1970s
and inflation rates above 50% during the 2010s. As a first principle, the analysis does
not remove outliers. Relatedly, at various points, the survey created or revised prompts

3The bunching of histogram responses around a few integer values could raise concerns about digit
preferencing, however Branch (2007) presents evidence against digit preferencing in the Michigan survey.



9

to deliver to those who reported unrealistic inflation expectations. Unfortunately, the
prompt for unrealistic expectations, e.g., 5%, is a function of the recent history of realized
inflation. The analysis will probe the estimates for robustness to outliers, though the
endogenous prompting is a deficiency in survey design.

The identifying assumption in this paper is that different social and demographic
groups have preferences for diverse consumption baskets, which, in turn, influences their
inflation expectations. The Michigan survey records a variety of demographic factors as
well as the household’s Census region. A panel of demographic groups follows the catego-
rization of each of the roughly 273,000 survey responses, from 1978.1-2022.5, into one of
160 categories based on sex, age, education, marital and parental status. Those categories
shown in Figure 2, produce a panel that consists of T = 528 months, N = 4 regions, and
G = 160 groups. For each group, additional survey questions serve as controls. These
questions include household perceptions of the economy, unemployment, personal income,
expected future income, gas price expectations, current household financial status, and
expected household financial status. For each period, each region, and each group, the
average inflation expectation is treated as the unit of observation.4

Figure 3 provides the first snapshot of the variation exploited by the quasi-experimental
design. Each point represents a particular demographic group’s mean inflation expecta-
tions, averaged across regions and time. Groups below 80 are men, and above are women.
Each age group and education level has its color and shape, and women’s higher average
inflation expectations are apparent. The figure also illustrates heterogeneity across age
and schooling.

There is substantial variation in inflation expectations across time, geographic regions,
and demographic groups. Figure 4 documents the gender variation in the Michigan survey
data. The panel illustrates the notable difference in inflation expectations by men and
women (Bryan and Venkatu (2001)). Outside of the high inflation during the 1970s and
subsequent disinflation, women tend to expect higher inflation rates. Panel (b) plots the
contribution of each region to an unweighted average inflation expectation, with periods
of significant disparity.

Figure 5 aids in visualizing the heterogeneity across various groups. Panel 5a presents
a stacked stream plot of the inflation expectations of each of the 160 groups. Finally,
panel 5b focuses on the ten groups that the empirical analysis identifies as particularly
important and again plots the proportional share of the (unweighted) average. Aggregate

4The panel dimensions fit a “small N , big T” setting that raises potential finite sample bias concerns
that the estimation will address.
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Figure 2: Group categorization.
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Figure 3: Group mean price expectations. Groups: men ≤ 80, women > 80
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Figure 4: Diversity of inflation survey expectations: gender & regions.
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Figure 5: Diversity of inflation survey expectations: by groups
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expectations are computed by averaging across regions and groups at each time. The
figure plots the sum of these expectations for each survey month. The height of each
group’s section of the curve represents the average inflation expectation of that group.
The relative height, and share of the sum, for groups’ expectations vary over time. So it is
not just that married women with a college degree have the highest inflation expectations;
at times, they do, and other times they do not.

3. Empirical model

3.1 Motivating theory

A standard model of Calvo pricing, extended to include multiple sectors, multiple groups
of households, and subjective (possibly, non-rational) expectations, shows inflation to be
a weighted average of each group’s inflation expectation. A region is a closed economy
consisting of a continuum of households and firms.5 The households can be classified into
G groups. There are S sectors producing a differentiated consumption good. Each house-
hold decides on a lifetime consumption plan and a basket of goods. Household groups
differ based on their preferences for bundles of consumption goods. Each group con-
sumption basket is a time-invariant fraction of aggregate consumption. The production
of consumption goods follows from a technology aggregating sector-specific intermedi-
ate goods produced by a continuum of monopolistically competitive firms with a linear
production technology using labor as the only input. Intermediate producers in sector
s ∈ S face a Calvo risk that, with probability 1 − λs, the firm will be unable to adjust
its price. The environment is standard with two exceptions: (1.) following Cravino, Lan,
and Levchenko (2020) the extent of price stickiness can differ by sector, and (2.) rational
expectations are not assumed.

As in Cravino, Lan, and Levchenko (2020), there are multiple price indexes. There is
the aggregate price index for consumer goods across sectors, Pt, as well as the household
group g ∈ G price index Pt(g) that represents the cost of consuming group g’s bundle.
Let θ denote the constant elasticity of substitution between goods. Group g’s price index

5As motivation for the empirical model, the closed economy assumption is without a loss of generality,
and the insights could extend to a currency union. Hazell, Herreno, Nakamura, and Steinsson (2022)
develop such a model and use regional variation to identify the slope of an aggregate Phillips curve under
rational expectations.
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is defined to be

Pt(g) =

(∑
s

ϕs(g)P
1−θ
s,t

)1/(1−θ)

where ϕs(g) is a group-g specific preference parameter for consumption good s. The
aggregate demand for consumption goods in sector s is

Ps,tCs,t = ωs,t

(
Ps,t

Pt

)1−θ

PtCt

where Pt =
(∑

s ωs,tP
1−θ
s,t

)1/(1−θ). The variable ωs,t is the share of aggregate consumption
in sector s. It is a weighted average across each household group’s preference parameter
ϕs(g), and the weights depend on the group’s relative expenditure share. These weights
are key to expressing the regional inflation rate in terms of the households’ subjective
inflation expectations.

Proceeding in the usual way, a firm producing intermediate goods in sector s, when
allowed to reset prices in time t, optimally adjusts its (log) price according to

p∗s,t − ps,t−1 = (1− βλs)
∞∑
T=t

(βλs)
T−t {(pes,T+1 − ps,t−1

)
+ we

T

}
where (p∗)e denotes a subjective expectation about own future prices, and wt is the
marginal cost (real wage). Price-setting is forward-looking because the Calvo friction
gives a probability 1− λs that prices remain fixed in the next period.

Under rational expectations – or any theory of expectation formation where subjec-
tive beliefs satisfy a law of iterated expectations – the price-setting rule can be written
recursively. However, a specific and simplified assumption on expectation formation is
sufficient to motivate the empirical model. As in Woodford (2013), individuals and firms
are “anticipated utility” maximizers who may be adjusting (“learning”) their subjective
expectations about inflation over time but assume for current decision-making that ex-
pected inflation would remain at its present rate. Evans and Honkapohja (2001) refer to
this as “steady-state learning.” Letting the current inflation expectation, for sector s, be
denoted as πe

s, it follows that expectations about future prices evolve along a linear time
trend, i.e. pes,t+T = (1 + T )πe

s.6. The inflation rate in sector s is then

πs,t = (1− βλs)
−1 πe

s + xt (1)
6A similar simplifying assumption is made by Werning (2022).
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where xt is the expected present value of marginal cost factors.

Regional inflation is
πR
t =

∑
s

ωs,tπs,t

and group-specific inflation is
πg
t =

∑
s

ωg
s,tπs,t

Similarly, suppose that each group’s subjective expectation for inflation is an expenditure-
weighted average of expected inflation rates sector by sector. Let Πe′ = (πe(g))Gg=1 ,Π

′
s =

(πe
s)

S
s=1 ,Ω

′
s =

(
(1− βλs)

−1 ωg
s

)S
s=1

, and Ω′ = (Ω(g))g. Then

Πe = ΩΠs (2)

Plugging in for the sector-specific Phillips curves (1) leads to

πR
t = Ω′

sΩ
−1Πe

t + xt (3)

The regional inflation rate is a weighted average of group-specific inflation rates and other
factors that affect prices unrelated to inflation expectations. The weights depend on each
sector’s shares and the region’s group-specific shares.

Similarly, it is possible to differentiate between short and long-run inflation expecta-
tions. Suppose that individuals forecast the one period ahead price as pes,t+1 = πe

t and
then longer horizon expectations as before pes,t+1+T = (2 + T )π̄s, with π̄s denoting the
long-run inflation expectation for goods in sector s. Then

πR
t =

∑
s

ωs,t (1− βλs) π
e
s,t+1 +

∑
s

ωs,t

[
1 + (1− βλs)

−1] π̄s + xt

and so
πR
t = Ω̂′

sΩ
−1πe

t + Ω̃′
sΩ

−1π̄ + xt

where Ω̂′ = (ωs(1− βλ))s , Ω̃
′ = [ωs (1 + (1− βλ)−1)].

In conclusion,

• The inflation rate, at a regional level, depends positively on subjective inflation
expectations.

• The identifying assumption is given by (2): group expectations reflect the relative
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weight of expected inflation in each sector, with the weights capturing heterogeneity
in consumption baskets.

• The strength of the impact of expectations on inflation depends on the extent of
price stickiness across sectors, household-group preferences for consumer goods in
various sectors, and the distribution of households across the groups in a region.

• Household-group expenditure shares depend on the level of prices but not the rate
of change, i.e., inflation.

• Although a region is a closed economy, inflation could still depend on aggregate
macroeconomic factors, particularly through xt.

• Short and long-horizon expectations have different quantitative effects on regional
inflation.

• The empirical strategy exploits cross-sectional variation in sectoral demand to iden-
tify the effect inflation expectations have on prices.

3.2 Empirical model

The object of interest is inflation expectations’ impact on regional inflation rates. Expec-
tations are endogenous. The identifying assumption is that demographic groups may have
distinct preferences for the goods that make up a consumption basket. Their inflation
expectations reflect the mix of prices in their basket. Interacting regional group shares
with aggregate group inflation expectations instruments for the endogenous expectations.
The empirical strategy is a differential exposure design: we identify the impact of expec-
tations by measuring how a region’s exposure to aggregate shocks leads to a differentiated
inflation response. Each region has differential exposure to the shocks because of different
population distributions. The identification strategy is valid so long as the demographic
shares satisfy a relevance and an exogeneity condition.

The coefficient of interest is β in the equation

πR
t = δR + βπe

R,t + γ′xR,t + µt + εR,t (4)

where πR
t is the inflation rate in region R at time t, πe

R,t is the expectation of 12-month
ahead regional inflation, xR,t is a vector of controls that includes lags of inflation, εR,t

is the structural disturbance, δR, µt are region and time fixed effects, respectively. The
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endogeneity concern is that estimating (4) via ordinary least squares will produce biased
estimates of β because πe

R,t is endogenous. In particular, endogeneity will arise if ex-
pectations respond, after controlling for exogenous covariates xR,t, to the factors driving
εR,t.

A shift-share instrument (“Bartik instrument”) addresses the endogeneity. Recall from
(2) that

πe
R,t =

∑
g

ωR,g,tπ
e
R,g,t

Furthermore, if each region group’s inflation expectation decomposes into aggregate and
idiosyncratic components, then

πe
R,g,t = πe

g,t + uR,g,t

The empirical strategy uses exogenous variation in ωR,g,t to generate differential exposure
to the group-specific aggregate component πe

g,t. The instrument is7

zR,t =
∑
g

ωR,g,tπ
e
g,t

Assuming that ωR,g,t satisfies strict exogeneity and relevance, then the coefficient β

can be estimated via 2SLS:

πR,t = βπe
R,t + γ′xR,t + εR,t (5)

πe
R,t = ζzR,t + ϕ′xR,t + vR,t (6)

The vector of exogenous regressors now includes region and time-fixed effects.

The main potential concern which threatens identification is whether group shares pre-
dict regional inflation rates through channels other than those posited by the researcher.
Here, the channel is different group preferences, and the distribution of groups impacts
the level and rate of price changes. That is, the channel is through demand. A reasonable
conjecture is that the distribution of groups is endogenous to a region’s price level, a cost-
of-living measure. However, for identification, it is sufficient that the group shares in a

7The instruments are very closely related to inflation expectations. One concern is that, when calcu-
lating πe

g,t, by averaging over all regions when computing the predicted inflation expectation in a region,
the instrument is artificially very highly correlated with the region’s inflation expectations. Accordingly,
the paper reports results using a “leave-one-out” method so that zRT is computed by omitting the region’s
inflation expectations.



19

region are exogenous to the change in prices, i.e., inflation (Goldsmith-Pinkham, Sorkin,
and Swift (2020)). This exogeneity assumption is plausible. However, to make the case
convincing, the empirical analysis measures shares using either the beginning of sample
population distribution or time-varying survey shares. In the former, those shares are not
predictive of the exogenous covariates.

Using the beginning of period shares, and probing the predictive power of those shares,
helps allay concerns over whether regional demographics are endogenous to the inflation
rate. One plausible story could be that younger and more educated groups tend to live
in regions with more dynamic or concentrated industries that experience increasing rates
of price changes. In that case, those beginning-of-period shares would help predict the
other variables that also predict inflation.

In summary, this paper studies the effects of plausibly exogenous shocks to expecta-
tions by regression of regional inflation on the predicted inflation expectations using the
regional group shares and the aggregate inflation expectations for each group. Essentially,
the instrument is a mixed variable that gives the inflation expectations in a region pre-
dicted by the aggregate group expectations. The instrument is valid if the group shares
in each region are uncorrelated with price supply shocks in the region.

3.3 The shift/share instrument

The empirical strategy exploits that U.S. Census regions have different exposure to the
aggregate inflation expectations depicted in Figure 5a. Again, the identifying assump-
tion is that different groups forecast inflation differently, partly because they consume
different baskets of goods. A shift-share instrument can capture this differential expo-
sure by forecasting the regional inflation expectations predicted by a region’s (plausibly
exogenous) exposure to a group’s aggregate inflation expectations shock. The Bartik in-
strument takes the population share of a particular group in a region and interacts it
with that group’s aggregate inflation expectations. In particular, the shift variable is the
inflation expectations in Figure 5a. The shares, ωR,g,t, capture the share of the population
in region R by group g at time t.

The group share measure is the share of each region’s group during month t, calculated
two ways. The preferred measure, based on convention, is to use time-invariant popula-
tion shares from the beginning of the sample. The U.S. Census January 1978 Current
Population Survey (CPS) provides these measurements by Census region. It seems rea-
sonable to expect these initial population shares to be exogenous to subsequent inflation
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shocks and price changes. Indeed, empirically these shares have no predictive power for
the covariates of inflation over the sample period.

The second measure uses shares calculated directly from the Michigan survey. Since
the Michigan survey aims for a nationally representative sample, the shares should only
differ from actual population shares by sampling error, which is plausibly exogenous
with unobserved factors driving inflation. There are two cases to note. First is the re-
interviewing of previous respondents and the potential endogeneity of the response rate.
The robustness of the coefficient estimates to a specification with first-time respondents
only alleviates this concern. Second, it is plausible that an individual may move through
groups over time and in response to a region’s economy and inflation rate. Since the
panel consists of groups rather than individuals, evolving group composition is not a
particularly great concern except for those repeating respondents. Again, robustness to
first-time respondents can address this potential concern.

Figure 6 provides a visual summary of the shares. Panel 6a contains a box plot of
the variation in weights by group and region after averaging over time. Weights vary
between about 0.5% to roughly 5.0%, with many groups comprising about 1% of the
survey sample. Groups below 80 are the “M” side of the tree in Figure 2. Higher numbered
groups are older, more educated, married, and have children. Panel 6b presents the same
box plot using the January 1978 CPS data, capturing the population distribution of these
groups. While the CPS data has richer demographic information, including race, sex, and
gender, these group definitions are the same as in panel 6a. The pattern of the shares is
roughly similar, though because panel 6a averages over the entire sample period, there is
a complete group representation in the shares.

Finally, to give a sense of the panel variation in the Michigan survey, Figure 7 contains
box plots of the group shares for each region and period. The height of the box plot
represents the central tendency and outliers in group shares. The figure summarizes
increasing group diversity in the U.S. over time. More importantly, it is evident that
there is substantial variation in group exposure across time and regions.

4. Impact of one-year ahead inflation expectations
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Figure 6: Calculated group shares.
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(a) Michigan survey shares. Each box plots a given group g’s sample share, averaged across all
dates t, for all 4 Census regions R.
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(b) CPS population shares (January 1978). Each box plots a given group g’s population share
according to the January 1978 CPS across all 4 Census regions R.
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Figure 7: Calculated group shares over time.
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4.1 Preliminary results

Figure 8 previews and visualizes the empirical estimates to follow. The left panels report
results using the Michigan survey shift-share, while the right is for the CPS shift-share
instrument. The top panels (8a-8b) plot the first stage, and the bottom panels (8c-8d)
visualize the reduced-form regression of regional inflation on the Bartik instrument. In
each panel, the solid line is the linear regression equation. The shift-shares correlate
strongly with the Michigan survey expectations. The Michigan survey-based shift-share
instrument correlates more closely with expectations than the instrument calculated with
CPS78 shares.

Panels (8c-8d) plot the results from a reduced-form panel regression of the inflation
rate on the predicted inflation expectations. Regardless of the instrument, there is a
strong positive relationship between predicted inflation expectations and inflation.

The rest of the analysis probes the interpretation of the results in Figure 8.

4.2 2sls estimates

Tables 1-2 present the two-stage least squares estimates of the impact that consumer
inflation expectations have on regional inflation rates. The left-hand column details the
coefficient estimate with the Michigan survey measure of group shares. The right col-
umn encompasses the CPS 1978.1 population shares. In both instances, constructing the
instrument uses a regional leave-one-out approach. The results presented include a set
of control variables and region and time-fixed effects—the latter controls for aggregate
business cycle factors common to all regions. The control variables include the regional
unemployment rate, four lags of inflation, expectations about future unemployment, sur-
vey measures for current and anticipated financial well-being and conditions, and regional
expected gas prices.8

Table 1 provides first stage estimates. The Bartik instrument is relevant and has
significant predictive power for inflation expectations. The Durbin-Wu-Hausman test
statistic for endogeneity is 8.074, rejecting the consistency of OLS at a 1% significance
level. The first-stage F-statistic is 52.4, which is significant at the .1% level. While the
identifying variation in the shares is plausibly exogenous to regional inflation rates, in the
case of CPS78, it is possible to probe the exogeneity assumption by examining whether
those 1978 population shares are predictive of the regression covariates. In each case,

8The results are robust to instrumenting for unemployment and expected gas prices.
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Figure 8: Inflation expectations and inflation: reduced-form estimates.
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Table 1: 2SLS: first stage

survey CPS78

Dependent Var.: pe pe

Bartik 0.2478*** (0.0629) 0.4474** (0.1449)

Controls Yes Yes

Fixed-Effects: —————— —————–

REGION Yes Yes

TIME Yes Yes

_______________ __________________ _________________

S.E. type Drisco.-Kra. (L=4) Drisc.-Kra. (L=4)

Observations 1,387 1,387

R2 0.80339 0.80124

Within R2 0.13679 0.12735

Note:
Instruments computed using a leave-one-out procedure. Survey is the shift-share instru-
ment using Michigan survey shares. CPS78 is constructed from the 1978.1 CPS.

1 Signif. codes: * = .05; ** = .01; *** = .001.
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Table 2: 2SLS: coefficient estimates

survey CPS78

Dependent Var.: RegInf RegInf

pe 0.3275* (0.1409) 0.5464** (0.1940)

Controls Yes Yes

Fixed-Effects: —————- —————–

REGION Yes Yes

TIME Yes Yes

_______________ ________________ _________________

S.E. type Dris.-Kra. (L=4) Drisc.-Kra. (L=4)

Observations 1,387 1,387

R2 0.95440 0.93976

Within R2 0.55825 0.41650

Note:
Instruments computed using a leave-one-out procedure. Survey is the shift-share in-
strument using Michigan survey shares. CPS78 is constructed from the 1978.1 CPS.

1 Signif. codes: * = .05; ** = .01; *** = .001.
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there is no significant correlation between the covariates and the CPS group shares, and
the regression coefficients are economically close to zero.

The second stage estimates in Table 2 identify a significant and positive effect from
subjective inflation expectations to inflation rates. Using the Michigan survey shares, the
estimated coefficient is 0.3275, so a 1% increase in the average expected inflation rate in a
region would lead to a 32 basis point increase in that region’s inflation rate. The estimated
coefficient is significant at the 5% level. The estimated effect is stronger using the CPS
1978.1 population shares. The estimated coefficient is 0.5464, at a 1% significance level.
Here, the pass-through from inflation expectations to inflation is greater than 1/2.

When comparing the 2sls coefficient estimates to those in Figure 1b, OLS estimates,
where the correlation between inflation expectations and inflation was around 0.06, are
biased downwards. The empirical model does not account for spatial spillovers. Much like
the literature on regional fiscal multipliers, after accounting for cross-regional spillovers
– an increase in inflation expectations in one region also impacts the demand for goods
produced in a different region – the aggregate impact of expectations is stronger than
the regional effect. In Figure 1a it was seen that the correlation between aggregate
inflation expectations and aggregate inflation rates is 0.18. A similar magnitude in the
2sls estimates would imply a pass-through of approximately 1.0− 1.6.

The coefficient estimates are in line with the theoretical analysis in Werning (2022),
which studies pass-through in a variety of conventional pricing models with time-dependent
price rigidities while not making a priori assumptions about the formation of subjective
inflation expectations. While the pass-through from expectations to inflation can take
any positive value, Werning (2022) shows that for the Calvo and Taylor models of price
stickiness, that pass-through should be in the range [1/2, 1], and possibly above one in a
more general framework. While the regional estimates in Table 2 are on the lower end,
or slightly below, of this range, after accounting for regional spillovers, the estimates are
in line with the theoretical predictions.

The panel data is susceptible to a potential finite sample bias. Of particular concern
are the data’s “small N/big T” dimensions. Table 3 applies a split-sample jackknife bias
correction (Fernandez-Val and Weidner (2018)). After correcting for finite sample bias in
both the cross-section and time dimensions, the estimated effect of inflation expectations
increases slightly.

Another way to measure the impact of expectations is by estimating an impulse re-
sponse function. The empirical model is not a vector autoregression, but a local projections
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Table 3: Bias Correction

survey shares CPS78 shares

coeff. 0.3636 0.6007

se 0.1409 0.1940

Note:
Applies the split-sample jacknife
bias correction. The column “sur-
vey shares” computes shares from
Michigan survey,“CPS78 shares”
uses the CPS 1978.1 shares.

approach can estimate the impulse response function.9. The impulse response function
comes from running 2sls regressions of the form

Etπ
R
t+h = δR,h + βhπ

e
R,t + γ′

hxR,h + µt,h + εR,h,t

for horizons h = 1, ..., H. The impulse response function then is given by (βh)1≤h≤H . The
estimates are provided in Figure 9.

On impact, inflation expectations have a significant positive effect on inflation. There
is a cyclical dampening process that is mean-reverting within 12 months. However, the
confidence bands are wide in future quarters and cannot rule out any lingering impacts.
Thus, the estimates suggest a moderate contemporaneous response to inflation from a
shock to inflation expectations. The lack of a strongly persistent expectation effect could
reflect the specific U.S. inflation history. It would be interesting to extend the analysis to
countries with persistently or volatile inflation.

4.3 Identification and interpretation

The identifying assumption is that a group’s subjective inflation expectations are a weighted
average of the expected sector-specific inflation rates, with the weights reflecting in part
that groups have heterogeneous consumption baskets. Equation (3) suggests the pres-
ence of heterogeneous treatment effects from group-specific inflation expectations. The
empirical procedure exploits the heterogeneity in group inflation expectations and plausi-

9See Jorda (2005).
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Figure 9: Impulse responses
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bly exogenous variation in group shares to instrument for regional inflation expectations.
While there are 160 different groups, their group shares can vary across regions and time,
so economically, some groups may be more important than others. The interpretation
of the identifying variation compares regional inflation and expectations in regions with
differing degrees of exposure to these critical groups. This section explores these obser-
vations.

Goldsmith-Pinkham, Sorkin, and Swift (2020) exploits that the Bartik instrument
estimate is a weighted average of many just identified instruments. They exploit that
fact to calculate the estimation weights (“Rotemberg weights”) to understand better the
variation driving identification. The analysis here applies the approach developed in
Goldsmith-Pinkham, Sorkin, and Swift (2020). The Rotemberg weights arise from the
decomposition

β =
∑
g

αgβg

where βg is the just identified estimate for group g. The weight αg is the sensitivity of the
overall estimate β to bias emanating from misspecification in a group g. That is, the αg’s
give us a measure of which groups are most driving identification and, formally, which
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Table 4: Top-10 weighted groups: CPS shares

group αg βg

Ml,35-49,c,M,K 0.0151 1.3824

Ml,25-34,c,M,K 0.0141 1.5614

Fl,35-49,c,M,K 0.0124 1.5935

F,25-34,c,S,NK 0.0120 1.5397

Ml,25-34,hs,M,K 0.0120 1.5080

Fl,25-34,hs,M,K 0.0117 1.3970

Ml,25-34,hs,M,NK 0.0110 1.5619

Fl,25-34,<hs,M,K 0.0106 1.7735

Ml,25-34,c,S,NK 0.0101 1.4090

Ml,35-49,c,S,NK 0.0101 1.4652

Note:
Group labels ordered: sex, age,
educ., marital, children. Top-10
weighted groups according to the
“Rotemberg” weights as in Bartik
paper.

groups to probe for endogeneity in the instrument.

Tables 4-5 detail the 10 groups with the highest Rotemberg weights, αg. Table 4
is for the case where the instrument is the CPS shares, and Table 5 uses the Michigan
survey shares. The table also lists the just-identified estimate for these top 10 groups.
In both cases, the highest weighted groups are mostly younger with high school or above
education. In the case of the CPS estimates, the highest weighted groups are 25-49 years
old, and 6 of the groups have college degrees. Seven of the groups have been married with
children. Using the Michigan shares instrument, Table 5 shows that the top-10 groups are
even younger than those identified by the CPS instrument. Most groups are 18-24, with
one 25-34 and one 35-49. These groups also have at least a high school degree, though
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Table 5: Top-10 weighted groups: michigan shares

group αg βg

Ml,18-24,hs,M,NK 0.0346 1.5546

Ml,25-34,hs,M,NK 0.0185 1.7572

Ml,18-24,c,M,NK 0.0181 1.5877

Fl,18-24,<hs,M,NK 0.0165 1.4804

Fl,18-24,hs,M,NK 0.0164 1.6229

Ml,18-24,sc,M,NK 0.0161 1.4709

Ml,18-24,hs,M,K 0.0154 1.6510

Fl,18-24,sc,M,NK 0.0154 1.6819

Ml,35-49,sc,M,NK 0.0152 1.4304

Ml,18-24,c,NM,NK 0.0144 1.9060

Note:
Group labels ordered: sex, age,
educ., marital, children. Top-10
weighted groups according to the
“Rotemberg” weights as in Bartik
paper.
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using the Michigan survey shares, 5/10 of the top groups have a high school degree, 3
have some college, and 2 have college degrees or more. Almost all of these groups are
married without children.

If the estimates in Table 2 capture heterogeneous treatment effects across groups, then
it is not surprising that the two different Bartik instruments estimate different treatment
effects. The Michigan shares instrument can capture shifting demographic trends in the
U.S., whereas the CPS share instrument exploited differential exposure to population
shares in 1978. In both cases, the group-specific effect βg is positive and significantly
above 1 for these heavily weighted groups.

Table 6 looks at the group weights for broader demographic groups. Reported is the
sum of the αg’s for broader groups classified by just one demographic characteristic, e.g.,
sex, age, or education. Regardless of the instrument, men are weighted slightly above
women, and groups above 50 receive a small share of the weights. In the CPS share
instrument, as seen in Table 4, the 25-34 age group is most heavily weighted, followed by
35-49, then 18-24. In the Michigan survey, the Rotemberg weights are declining mono-
tonically with age. The CPS share instrument weights those with a college degree more
heavily, while the Michigan survey is roughly equally sensitive to those with a high school
or college degree.

Figures 10-11 provide a graphical interpretation of these heterogeneous effects. Figure
10 plots the βg against the corresponding first stage F-statistic Fg. The circles denote
estimates with positive αg, and the triangles are the negative weights. The size of the
points reflects the Rotemberg weight. So, the large circles correspond to the top-10 groups
in Table 5. Finally, the dashed line is the estimated average treatment effect. Notice that
there are few negatively weighted groups, so it is natural to interpret the estimate as
capturing a heterogeneous treatment effect. Second, the most heavily weighted estimates
reflect groups with significant pass-through but still lie relatively close to the average
effect.

Meanwhile, Figure 11 plots the Rotemberg weight for each month in the sample.
Rather than summing Rotemberg weights across groups, one can also calculate which
particular periods provide most of the identifying variation. Given U.S. macroeconomic
history, the estimation weights in Figure 11 align with what we expect. The highest
weighted periods are at the end of the 1970’s Great Inflation and the subsequent Volcker
disinflation. The other heavily weighted periods are the Great Recession (2007-2009)
and the post-pandemic accelerating inflation. These weights are sensible and help give
confidence in the overall empirical strategy.
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Figure 10: Estimation weights across groups: Michigan shares.

−2

0

β̂

2

4

25 50 75 100
Fg

β g

From these findings, it is reasonable to conclude that the estimated impact of expec-
tations on inflation reflects a weighted average of heterogeneous groups. Those groups
that receive the most weight tend to be younger, married, and with at least a high school
degree. The identifying variation is also driven strongly by volatile periods, suggest-
ing non-linearities in mapping inflation expectations to outcomes. By seeking exogenous
variation in inflation expectations, the approach here is silent on the self-referentiality
of inflation, the impact of expectations on inflation, and then inflation on expectations.
However, the time-varying estimation weights seem consistent with non-linear models of
endogenously heterogeneous expectations as in Branch (2004), Brock and Hommes (1997).
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Figure 11: Estimation weights across time.
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Table 6: Group weights

shares men women ages 18-24 ages 25-34 ages 35-49 ages 50-64 ages 65+ w/h.s. degree w/college+ degree

cps 0.5271 0.4729 0.2445 0.3488 0.2767 0.0935 0.0364 0.3476 0.4132

michigan 0.5669 0.4331 0.3466 0.3097 0.1565 0.1189 0.0682 0.2924 0.2792

Note:
Calculates fraction of Rotemberg weights associated with broad groups: CPS shares.
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Table 7: 2SLS by component inflation

Commodities Services

commodities non-durables durables services services-house services-med.

Dependent Var.: commod. infl. non-dur. infl. dur. infl. serv. infl. serv.-rent infl. infSlm

pe 1.289** (0.4838) 1.738** (0.6484) -0.1037 (0.2291) 0.2205. (0.1200) 0.3470. (0.1863) 0.2242. (0.1281)

Controls Yes Yes Yes Yes Yes Yes

Fixed-Effects: —————- —————- —————- —————- —————- —————-

REGION Yes Yes Yes Yes Yes Yes

TIME Yes Yes Yes Yes Yes Yes

_______________ ________________ ________________ ________________ ________________ ________________ ________________

S.E. type Dris.-Kra. (L=4) Dris.-Kra. (L=4) Dris.-Kra. (L=4) Dris.-Kra. (L=4) Dris.-Kra. (L=4) Dris.-Kra. (L=4)

Observations 1,427 1,427 1,427 1,427 1,411 1,427

R2 0.92791 0.89796 0.98806 0.95506 0.93105 0.95254

Within R2 0.04631 -0.02498 0.69465 0.80564 0.51650 0.81123

Note:
Commodities include all non-durable and durable goods. Services-housing and services-med. remove housing and medical services, respectively.

4.4 Sectoral inflation

Table 7 estimates the pass-through from expectations onto broad sectoral inflation within
each region. The largest components in the CPI are commodities (goods) and services.
Commodities consist, broadly, of non-durables and durables. Although there are various
ways to break down services, the I.V. estimates in this section cover all services minus
food/energy and medical services. Findings by D’Acunto, Malmendier, Ospina, and We-
ber (2021) suggest pass-through should be strongest for non-durables, also the largest
commodity component in the CPI basket. Housing services are the largest component.
Component weighting in CPI baskets varies across regions.

The estimates in Table 7 indicate that the effect from inflation expectations is stronger
for commodities than services and most robust for non-durables. There is no meaningful
effect on durables. Though the effect is not precisely measured, there is a more minor
and positive effect on services. Further, among the service components, the effect is
most substantial for services minus housing services. The estimates for commodities and
non-durables are above one and measure a substantially more substantial effect than for
overall inflation. This finding is consistent with the earlier results measuring an average
treatment effect across heterogeneous sectors.
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Table 8: Alternative estimates

small first-only state-CPI lag michigan shares

Dependent Var.: RegInf RegInf RegInf RegInf

pe 0.6618** (0.2540) 0.5811 (0.4747) 0.3340* (0.1490) 0.5313* (0.2503)

Controls Yes Yes Yes Yes

Fixed-Effects: —————– ————— —————- —————-

REGION Yes Yes Yes Yes

TIME Yes Yes Yes Yes

_______________ _________________ _______________ ________________ ________________

S.E. type Drisc.-Kra. (L=4) Dri.-Kra. (L=4) Dris.-Kra. (L=4) Dris.-Kra. (L=4)

Observations 1,387 1,387 1,427 1,387

R2 0.93371 0.91353 0.95314 0.94105

Within R2 0.35786 0.16236 0.56477 0.42896

Note:
“small” removes large survey responses. “first” includes only first-time survey respondents. “state-cpi” measures regional inflation by aggregating
state-level CPI’s. “lag michigan shares” instruments with 12 month lagged survey shares.

4.5 Alternative estimates

As previously mentioned, there are potential concerns with the data. Table 8 presents
alternative estimates that address these concerns. Throughout, the Bartik instrument
uses Michigan survey shares.

The first two columns filter out specific survey responses. The first column, labeled
“small”, removes outliers from the empirical analysis. In particular, survey forecasts
that are greater than ±25%. The estimated effect is stronger than the baseline and still
significant at the 1% level. The estimate without outliers is not preferred, however, as
there is no good reason to omit survey expectations that are large in magnitude. Strong
responses to subjective beliefs could significantly impact those consumers’ behavior. The
second column (“first-only”) removes those survey respondents interviewed for a second
time, roughly 40% of the sample. The concern is that these respondents differ from those
participating the first time. While the estimate is still significant, the effect size is close
to the OLS estimate.

The final two columns in Table 8 construct the dependent variable and instrument
differently. The third column (“state-CPI”) constructs the regional inflation measure
using the state CPI measures developed by Hazell, Herreno, Nakamura, and Steinsson
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(2022). The regional CPI measures from the BLS are monthly for a shorter period than
the length of the Michigan survey. The regional inflation constructed by state-level CPI
aligns with the sample periods. A regional CPI emerges as a weighted average of the CPI
for each state in a region, where the weights are the state’s consumer expenditure share
in the region. One downside to this alternative inflation measure is that the state level
CPI’s in Hazell, Herreno, Nakamura, and Steinsson (2022) do not include all of the states
in each region for the entire sample requiring some interpolation. Table 8 illustrates that
the alternative regional inflation measure does not impact estimation. Finally, the last
column instruments for inflation expectations with a twelve-month lag of Michigan shares.
If one is concerned that the contemporaneous Michigan survey measures – meant to be
nationally representative by the survey design – may not be strictly exogenous. However,
the CPS 1978.1 population shares being time-invariant, the lagged share measure is a
compromise. The effect lies in the middle of the baseline estimates, as expected.

5. Impact of five-year ahead inflation expectations

Having quantified the impact of one-year ahead inflation expectations on regional inflation
rates, let us measure the relative contributions of short versus long-run expectations. The
Michigan survey also asks consumers about their expectations of inflation over the “next
5-10 years.”

Figure 12 plots the corresponding reduced-form estimates for long-run expectations.
Instrumenting is now for both short- and long-run expectations, using the Michigan survey
shares and the CPS 1978.1. The top panel plots the 5-10 year Bartik instrument against
5-10 year ahead inflation expectations. As before, the instrument correlates tightly with
long-horizon expectations. The bottom panel plots the reduced-form regression of regional
inflation on the long-horizon instrument. Here that relationship is negative, and the slope
of the regression line is flat.

The 2sls estimates in Tables 9-10 confirm the reduced-form findings. In the first stage,
the short- and long-run instruments are relevant for both short- and long-term inflation.
The long-horizon instrument has no predictive power for short-run expectations. In the
second stage (Table 10), the coefficient estimates on short-run expectations are virtually
identical to the preferred estimates. Long-horizon expectations have a small negative
impact that is not statistically significant.

One might wonder if long-horizon expectations can ever proxy for short-run expecta-
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Figure 12: Long-run inflation expectations: reduced-form estimates.
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Table 9: 2SLS with short and long-expectations: first stage

survey short pe survey long pe CPS78 short pe CPS78 long pe

Dependent Var.: short-run pe long-run pe short-run pe long-run pe

Bartik 0.2471*** (0.0618) 0.2536 (0.1640) 0.4419** (0.1425) 0.0550 (0.3573)

Bartik5 -0.0068 (0.0101) -0.1707** (0.0555) 0.0107 (0.0208) -0.2662* (0.1275)

Controls Yes Yes Yes Yes

Fixed-Effects: —————— —————— —————– —————–

REGION Yes Yes Yes Yes

TIME Yes Yes Yes Yes

_______________ __________________ __________________ _________________ _________________

S.E. type Drisco.-Kra. (L=4) Drisco.-Kra. (L=4) Drisc.-Kra. (L=4) Drisc.-Kra. (L=4)

Observations 1,387 1,387 1,387 1,387

R2 0.80341 0.40238 0.80130 0.39883

Within R2 0.13685 0.04069 0.12761 0.03499

Note:
Survey is the benchmark shift-share instrument using Michigan survey shares. CPS78 is constructed from the 1978.1 CPS.

tions and identify an effect acting on inflation. Tables 11-12 show that, again, there is no
effect running from long-horizon expectations to inflation. While the estimated sign for
long-horizon expectations is again positive, it is close to zero and insignificant.

6. Conclusion

The role played by inflation expectations in the data-generating process for inflation, and
other macroeconomic outcomes have been, and remains, a key question for researchers
and policymakers. In part, many economic decisions by households and firms depend
on expectations about the future path for prices and real interest rates. The quantita-
tive impact of shocks to inflation expectations remains an open question. The standard
econometric approach is to derive a New Keynesian Phillips Curve, assuming rational
expectations and estimating the slope and pass-through from expectations after instru-
menting for expectations. Drawbacks to the standard approach are that it requires explicit
assumptions about how people form their inflation expectations and then finding a good
instrument that overcomes a weak instrument problem.

This paper, instead, uses survey expectations and exploits the rich micro-data and
heterogeneity in the Michigan survey to identify the impact of subjective inflation expec-
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Table 10: 2SLS with short and long-expectations: coefficient estimates

survey CPS78

Dependent Var.: RegInf RegInf

short-run pe 0.3355* (0.1475) 0.5394** (0.1931)

long-run pe -0.0228 (0.0450) -0.0373 (0.0746)

Controls Yes Yes

Fixed-Effects: —————- —————–

REGION Yes Yes

TIME Yes Yes

_______________ ________________ _________________

S.E. type Dris.-Kra. (L=4) Drisc.-Kra. (L=4)

Observations 1,387 1,387

R2 0.95325 0.93851

Within R2 0.54716 0.40438

Note:
Survey is the benchmark shift-share instrument using Michigan survey shares. CPS78
is constructed from the 1978.1 CPS.
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Table 11: 2SLS with long-expectations: first stage

survey long pe CPS78 long pe

Dependent Var.: long-run pe long-run pe

Bartik5 0.9923*** (0.0338) 0.8641*** (0.0729)

Controls Yes Yes

Fixed-Effects: —————— ——————

REGION Yes Yes

TIME Yes Yes

_______________ __________________ __________________

S.E. type Drisco.-Kra. (L=4) Drisco.-Kra. (L=4)

Observations 1,387 1,387

R2 0.59881 0.44158

Within R2 0.35600 0.10361

Note:
Survey is the benchmark shift-share instrument using Michigan survey shares. CPS78 is
constructed from the 1978.1 CPS.
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Table 12: 2SLS with long-expectations: coefficient estimates

survey CPS78

Dependent Var.: RegInf RegInf

long-run pe 0.0053 (0.0088) 0.0341 (0.0247)

Controls Yes Yes

Fixed-Effects: ————— —————

REGION Yes Yes

TIME Yes Yes

_______________ _______________ _______________

S.E. type Dri.-Kra. (L=4) Dri.-Kra. (L=4)

Observations 1,387 1,387

R2 0.96003 0.95831

Within R2 0.61282 0.59614

Note:
Survey is the benchmark shift-share instrument using Michigan survey shares.
CPS78 is constructed from the 1978.1 CPS.
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tations on inflation outcomes. The empirical strategy begins with the observation that
survey inflation expectations vary across demographic groups. The identifying assump-
tion is that different household groups consume varied bundles of consumption goods and
their inflation expectations reflect, in part, the price change in their market basket. From
this identifying assumption, a quasi-experimental differential exposure arises naturally.
A shift-share instrument (“Bartik instrument”) forecasts expectations in a region as the
expectations of a demographic group at the national level interacted with that group’s
population share in the region. The empirical strategy exploits the cross-region hetero-
geneity in demographic groups and the heterogeneity in expectations across groups. The
shift-share instrument is plausibly exogenous as the group shares are uncorrelated with
the other exogenous regressors that predict regional inflation.

The estimates identify a positive impact from inflation expectations to (regional) in-
flation. The identified effect is several times stronger than estimated by ordinary least
squares, and the preferred estimate finds a significant positive effect. However, the pass-
through from expectations to inflation is below one: a one percentage point increase in a
region’s inflation expectations will lead to a 60 basis point increase. The estimate does
not account for cross-regional spillovers, which would likely strengthen the pass-through
above one. Interestingly, one-year-ahead inflation expectations matter, and long-horizon
expectations play no economically or statistically significant role. The identifying varia-
tion comes from (1.) groups of married households aged 18-39 with at least a high school
degree and (2.) during periods of high inflation volatility such as 1978-82, 2007-2009, and
the post-pandemic 2021-22.
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