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Abstract

Using a dataset that combines inflation expectations with social-network
connections, we show that expectations within an individual’s network pos-
itively influence personal beliefs. A one-percentage-point increase in the ex-
pectations of an exposed individual’s social network raises that person’s ex-
pectations by 0.549 percentage points relative to someone unexposed to social
networks. In a monetary-union New Keynesian model, socially determined
inflation expectations generate imperfect risk sharing and distort both regional
and aggregate dynamics. To limit the resulting welfare losses, monetary pol-
icy should assign substantially greater weight to inflation in regions whose
residents are more socially connected across the entire monetary union.
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1 Introduction

A growing body of literature is investigating how consumers form inflation ex-
pectations, and how these expectations matter for individual economic decisions
and macroeconomic dynamics.! In this context, individual experiences and the use
of availability heuristics (Tversky and Kahneman (1973)) have been found to play
an important role in the formation of expectations. Much of this work highlights
deviations from full-information rational expectations (FIRE) and how they arise
from individual heuristics and memory-based processes. In this paper, we add a
complementary view of such deviations in the formation of inflation expectations
that is reflective of a central insight from social psychology, pioneered by Festinger
(1954): the formation of beliefs takes place in a social context of interaction with
others.

Our analysis shows accordingly, both theoretically and empirically, that infla-
tion expectations in the social network matter for the formation of individual in-
flation expectations, and can affect macroeconomic dynamics and policymaking.
Specifically, we first establish that social networks affect individual inflation ex-
pectations using an instrumental variable approach. We do so by building an in-
strument that exploits time variation at the county level and using a new dataset
that links inflation expectations of 1.3 million consumers with a measure of social
connectedness. We find that the inflation expectations of an individual that is ex-
posed to a 1 percentage point increase in the inflation expectations of his social
network are 0.549 percentage points higher relative to an individual that is iso-
lated from social networks. In other words, an individual exposed to the 75th per-
centile of network expectations holds beliefs about 1.05 percentage points higher
than an individual at the 25th percentile. Second, we embed these findings in a
monetary-union New-Keynesian model to show their macroeconomic relevance:
Socially determined expectations distort, relative to a FIRE setup, the transmission
of local shocks to both regional and aggregate variables, and weaken risk-sharing
across regions. A key policy implication is that central banks should place greater

1See, for instance, for individual decisions Coibion et al. (2023), and Hajdini et al. (2022b). For
macro implications, see Gabaix (2020), Kohlhas and Walther (2021), and L'Huillier et al. (2023),
among many others; and specifically, for recent work on the formation of inflation expectations,
Gennaioli et al. (2024).



weight on the inflation dynamics of a more socially connected region to mitigate
welfare losses, if that region’s relative social centrality exceeds its relative economic
centrality.

Empirically, pinning down the causal effects of social networks on individual
inflation expectations is challenging. First, such analysis necessitates a dataset that
combines geographically dense data on individual inflation expectations with a
map of the social network. Second, measures of others’ beliefs may simply capture
factors that are common across individuals which happen to be connected through
social networks. Then, whenever sufficiently common, such factors may create
spurious co-movement in individual inflation expectations and inflation expecta-
tions of others — rather than reflect genuine social determination. Examples of such
factors may trivially coincide with common regional or aggregate shocks. They
may also include common networks such as local trade networks, or homophily in
social networks, or shared commuting patterns, which can induce co-movement
in expectations. The peer-effects literature has extensively discussed such threats
to identification (see, e.g., Manski (1993); Sacerdote (2001); Duflo and Saez (2003);
Bramoulle et al. (2009); Goldsmith-Pinkham and Imbens (2013)).

Our analysis aims to overcome these two challenges. To address the first chal-
lenge, we construct a detailed dataset that merges data on both inflation expecta-
tions and information on social networks. For consumer inflation expectations, we
use data from the Indirect Consumer Inflation Expectations (ICIE) survey, which
not only captures individual inflation expectations but also provides detailed ge-
ographic and demographic information about the respondents.” Analyzing these
data at a monthly frequency and at the county level yields sufficiently thick data
for our purpose, with over 1.3 million observations from March 2021 to July 2023.
Social connections are derived from the Social Connectedness Index Database (SCI),
initially introduced by Bailey et al. (2018a). The SCI measures the social connect-
edness between different counties of the United States as of April 2016, based on
Facebook friendship connections. Based on the SCI, we construct social network

weights w, ;. that measure the relative social importance of county k to county c.

2The survey is nationally representative of the US and aligns with the aggregate trends in
the NY Fed’s Survey of Consumer Expectations and the University of Michigan’s Survey of
Consumers. See Hajdini et al. (2022a) for details.
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Central to our empirical analysis is exploiting these two data sources to con-
struct a monthly measure of inflation expectations of others as follows. Thanks to the
thickness of our data, we compute average monthly inflation expectations for U.S.
counties. Then, we construct the inflation expectations of others relevant for an
individual in a given county c by taking the weighted average of the average ex-
pectations in other counties, using w, x for any k # c as weights. In this calculation,
the SCI-based weights give greater importance to counties that are more strongly
connected to an individual’s own county through the social network.

Using this dataset, we employ an instrumental-variable approach to address
the second challenge, aiming to identify the effect of inflation expectations of oth-
ers on an individual’s own expectations. We proceed in two steps. In a first step,
we use a shift-share approach to build our instrument: We regress individual infla-
tion expectations on the interaction of county-level commuting shares by car and
the national gas price while filtering out any common time variation or county-
specific fixed effects. We then use the regression results to generate local, county-
specific shocks in inflation expectations as the component of inflation expectations
predicted by the interaction of county-level commuting shares and the national
gas price. Because we account for common time variation with a time fixed effect,
our identification exploits cross-county differences in the exposure to the national
shock. We conclude the first step by aggregating these local inflation expectations
shocks across all other counties, using the social network weights for each county.

In a second step, we estimate the effect of the inflation expectations of others on
individual inflation expectations. We use the resulting aggregated measure of lo-
cal inflation expectations shocks from the first step as an instrumental variable (IV)
for the inflation expectations of others, and control for a county’s direct exposure
to changes in the national gas price in our IV regression. Our identification strat-
egy thus allows us to exploit exogenous variation in expectations not related to the
network nor to the type of relationship individuals have. We formally derive key
identifying assumptions underlying our instrument and validate them. Moreover,
the inclusion of the own-exposure measure takes care of the concern that identi-
fication is the by-product of similar commuting patterns that generate correlated

exposure and hence expectations across counties. We further probe this concern



through a battery of complementary robustness checks.

Implementing this approach, we provide evidence that inflation expectations in
the social network influence individuals” own expectations: The estimation results
indicate that inflation expectations within an individual’s social network have a
positive and statistically significant impact on their own expectations. Our pre-
ferred coefficient estimate is 0.549 and is economically meaningful: The estimate
implies that an individual exposed to the 75th percentile of inflation expectations
in their social network holds inflation expectations that are 1.05 percentage points
higher than those of a comparable individual exposed to the 25th percentile of
expectations in their social network.

Our analysis is robust to concerns about common regional shocks — potentially
correlated with car-commuting shares — across regions connected through social
networks. Such shocks could arise, for example, from spatial correlation in in-
flation expectations not fully captured by the baseline specification or from com-
mon shocks to economically similar counties. As we show, our results remain
unchanged when we exclude nearby counties from the network or explicitly con-
trol for inflation expectations in geographically proximate counties. A related con-
cern is that common characteristics of respondents, including those in geograph-
ically distant counties, may spuriously drive our findings. These characteristics
may be associated with similar commuting shares or other forms of cross-county
similarity. Although our own-county exposure control directly accounts for the
role of commuting shares in a county’s exposure to national gas-price changes, we
also show that taking into account inflation expectations in counties with similar
commuting shares leaves our coefficient of interest unchanged. Likewise, results
remain robust when we take into account inflation expectations in similar coun-
ties in terms of income, population, debt, and other economic characteristics. Our
coefficient of interest remains essentially unchanged. If omitted common factors
were driving the estimated effect, adding these controls should instead attenuate
the coefficient toward zero. Its remarkable stability across these exercises therefore
suggests reassuring evidence against such omitted-variable bias.

It is equally important to interpret our findings cleanly: Our identification strat-

egy exploits cross-sectional differences that result from heterogeneous exposure to



a shock due to different social networks. This heterogeneity in exposure implies
that our empirical finding measures a relative spillover effect, as other general equi-
librium effects likely influence the size of the cross-sectional effect. To be able to
interpret our finding at the aggregate level, we take a structural approach as in
Nakamura and Steinsson (2018): We use a general equilibrium model that incor-
porates the reduced-form variation, map the social network effect to a model pa-
rameter, and explore its aggregate implications. Our model analysis highlights the
theoretical relevance of socially determined inflation expectations in a monetary
policy context.

Specifically, our analysis does so by means of a simple two-region monetary-
union New Keynesian model a la Nakamura and Steinsson (2014), where we allow
for regions to place more weight on the expectations of the other region than im-
plied by the trade shares in the consumption aggregator. The regions are otherwise
homogeneous but can differ in their economic size and exposure to regional supply
and demand shocks. We analytically derive in this general equilibrium setting how
socially determined inflation expectations can distort the dependence of both re-
gional and aggregate variables on the terms of trade relative to a FIRE benchmark.

Several theoretical results arise, all tracing back to the result that, under home
bias, households will under-weight the inflation expectations of locally-produced
goods and over-weight the inflation expectations of goods produced in the other
region (relative to the absence of social networks). As a consequence of this devia-
tion from FIRE in relative inflation expectations and, hence, relative prices, perfect
risk sharing breaks down. Likewise, regional inflation and output dynamics devi-
ate from their FIRE counterparts following local shocks, but not common aggregate
shocks. At the aggregate level, inflation and output dynamics are also distorted by
socially determined inflation expectations, but only if the relative weights con-
sumers place on the other region’s inflation do not align with the regions’ relative
economic sizes.

Finally, our analysis highlights a novel policy implication: to minimize welfare
losses arising from socially determined inflation expectations, monetary policy
should weigh the inflation rate of a region more than what is implied by its relative

economic size if that region’s relative social centrality exceeds its relative economic



centrality. This optimal response is isomorphic in our model to policy responding
to the terms of trade between the two regions in addition to aggregate inflation. It
also mimics the spirit of results in the open-economy literature such as Aoki (2001).

Calibration of the model reveals that socially determined inflation expectations
can play a quantitatively important role in shaping aggregate outcomes. First, we
find that as a result of socially determined expectations an economically significant
impact effect arises in the case of local supply shocks, while it remains small for
local demand shocks. The impact of a one-time foreign supply shock on aggregate
output and inflation is about 5.4% and 2.8% higher compared to the FIRE bench-
mark, respectively. Second, in terms of the weight on the regional inflation rates,
policy should increase the weight assigned to the inflation rate of the economically
smaller region by 23.1% to account for its high relative social centrality compared
to its relative economic centrality.

Literature. The findings from our analysis are related to several strands of the
literature, in addition to the papers already referenced above. At a fundamental
level, our analysis is most related to a large literature that studies the formation
of inflation expectations and has shown how individual characteristics and expe-
riences affect the process of expectations formation (for example, among many,
Malmendier and Nagel (2016), D’Acunto et al. (2021b), Kuchler and Zafar (2019),
Hajdini et al. (2022a) or Gennaioli et al. (2024)). A behavioral theoretical literature
in parallel argues individuals use heuristics in the formation of beliefs. This litera-
ture goes back most prominently to Kahneman and Tversky (1972). It has recently
been refined using the diagnostic expectations model (Bordalo et al. (2018), Bor-
dalo et al. (2019), and operationalized in the New Keynesian modeling and policy
framework by L'Huillier et al. (2023) and Bianchi et al. (2023). Relative to these
papers, our analysis emphasizes theoretically and empirically the notion of socially
determined inflation expectations and their potential impact on the dynamics of
regional and aggregate inflation and output.

Our analysis, moreover segues with a growing empirical literature that has em-
phasized the role of social interactions on economic decision-making. Most related
is the seminal work by Bailey et al. (2018b) in the context of housing, which shows
that individuals whose geographically distant friends experienced larger house



price increases are more likely to transition from renting to owning. Using a sur-
vey for individuals in Los Angeles, Bailey et al. (2019) also show that the social
network can affect house price expectations. Likewise emphasizing the role of so-
cial networks, Burnside et al. (2016) use “social dynamics” to explain how there can
be booms and busts in the housing market. Our relative empirical contribution lies
in focusing on inflation expectations of the entire consumption basket, increasing
the relevance of socially determined inflation expectations in light of a monetary
policy context. On the theory side, we demonstrate the potential importance of
socially determined inflation expectations in a simple monetary-union New Key-
nesian model, a framework which can in principle also be extended to evaluate
some of the earlier empirical findings (Bailey et al. (2018b, 2019)).

Extensive work also aims to understand how individuals form social networks,
as in Banerjee (1992), Acemoglu et al. (2011), and Golub and Sadler (2016).° An-
other strand of the literature on networks comprises work in macroeconomics fo-
cused on the transmission of shocks through production networks as in Baqaee
and Farhi (2018), Rubbo (2020), Pasten et al. (2020). Our paper relates to both
strands by showing that a key macroeconomic variable—inflation expectations—
is influenced by social interactions. Unlike the first set of papers, as well as Ari-
fovic et al. (2013) and Grimaud et al. (2023) who consider specific forms of social
learning in a New-Keynesian framework, our analysis abstracts from learning. In-
stead, our theoretical analysis highlights the implications of socially determined
inflation expectations in a monetary-union New Keynesian model, such as the im-
plication for risk-sharing or optimal regional inflation weights. Our key result that
social networks matter for how consumers form expectations about inflation com-
plements the finding in papers such as Carroll (2003) and Chahrour et al. (2025)
that consumers’ aggregate inflation expectations are affected by news reports.

Finally, we also contribute to a recent literature that discusses the relation-
ship between cross-sectional estimates and aggregate effects. Chodorow-Reich
(2020) discuss the challenges of inferring aggregate effects from cross-sectional es-
timates of local shocks, as spillover effects can affect the control group, for instance,

30ther notable papers in the social learning literature in a network context include Ellison and
Fudenberg (1993), Mobius and Rosenblat (2014), Chandrasekhar et al. (2020), Board and Meyer-ter
Vehn (2021), and Elliott and Golub (2022).



through trade linkages between regions. Our paper provides insights about the
mechanisms underlying these spillovers and highlights a previously unexplored
source: spillovers arising from beliefs. Then, to interpret our empirical findings
and derive aggregate implications in the presence of these spillovers, we follow
the structural approach of Nakamura and Steinsson (2014) and Nakamura and

Steinsson (2018), embedding our estimates into a general equilibrium framework.

2 Empirical Analysis

To gauge the effect of the social network on individuals” inflation expectations,

our analysis subsequently estimates variants of the following specification:

N
T =a+BY Wyt +e (1)

j#i
relating inflation expectations 71{ of some individual/region i to inflation expec-
tations 7'(]‘f of individuals/regions j whose importance for i’s beliefs are captured
by social network weights wj;. Specifications of this type are common in the social
learning literature, and we show in Online Appendix D how they can be micro-
founded in a model of memory and recall, a framework particularly relevant in
the inflation expectations literature.* The coefficient of interest for our analysis is

B, which is positive if social interaction positively affects inflation expectations.

Estimating this equation is challenging for reasons of data availability and due
to empirical challenges proper to the social network context. The next sections
show how we address them, first describing a dataset that merges data on infla-
tion expectations and social network weights required to estimate this equation.
An ensuing section describes the particular empirical challenges in the estimation

of this type of equation and the strategy we apply to overcome them.

2.1 Data

To establish a network effect on individual inflation expectations, any analysis re-

quires a dataset that combines dense survey data on inflation expectations of con-

4See, for example, the recent work by Gennaioli et al. (2024) that shows the ability of such
models to explain de-anchoring of inflation expectations through selective recall.
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sumers with a map of their social network. In this section, we describe our ap-
proach to obtain a dataset with those characteristics.

Data on consumer inflation expectations come from the Indirect Consumer In-
flation Expectations (ICIE) survey, developed by Morning Consult and the Center
for Inflation Research of the Federal Reserve Bank of Cleveland. This survey is
nationally representative of the US. Hajdini et al. (2022a) describe its properties in
detail, showing in particular its high correlation with inflation expectations from
established surveys. Of note, the survey elicits expectations of changes in individ-
ually relevant prices instead of aggregate prices, which will be directly relevant
for consumers’ decisions in the model we introduce in Section 3. Additionally,
as consumers report the equivalent of their anticipated growth rate of their own
Laspeyres index and not of their perceived aggregate price level index, using this
measure can reduce concerns about using a measure heavily influenced by public
signals and less relevant for the consumer’s actions. Respondents are sampled in
repeated cross-sections; the main variables of interest pertinent to our analysis that
the survey records—in addition to inflation expectations—include the identity of
counties, gender (male-female), income brackets (less than 50k, between 50k and
100k, and over 100k), age (18-34, 35-44, 45-64, 65+), and political party (Demo-
crat, Republican or Independent). To remove outliers, our analysis drops the top
and bottom 5 percent of responses at each point in time, resulting in 1.3 million
monthly observations for the period from March 2021 to July 2023.

Data on social connections at the county level come from the Social Connected-
ness Index Database (SCI). The SCI was first proposed by Bailey et al. (2018a) and
measures the social connectedness between different regions of the United States
as of April 2016, based on Facebook friendship connections. Specifically, the SCI
measures the relative probability that two representative individuals across two

US counties are friends with each other on Facebook. That is,

FB Connections; ;

I =
SCLij FB Users; x FB Users;’

where FB Connections; ; denotes the total number of Facebook friendship connec-
tions between individuals in counties i and j and FB Users;, FB Users; denote the

number of users in location j. Intuitively, if SCI; ; is twice as large as SCI;, a given
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Facebook user in location i is about twice as likely to be connected with a given
Facebook user in location j than with a given Facebook user in location /.
In our analysis, we normalize the SCI by county so weights add up to unity,

thatis, w, .\ = ZS(S:—ICE'I"I(.S Using these weights, we then construct the central variable

k#c
in our analysis, the expectations of others:

,0th
T =Y werTty s )
k#c

where 71y | captures the average inflation expectations of individuals in county k
at time f. In particular, this measure implies that county ¢ will be more exposed
to information in county k if many users of county k have Facebook friendship
connections with users in county c. Because our SCI weights were sampled in
2016, our measure of inflation expectations of others is unlikely to be influenced
by weights that are endogenous to the post-pandemic rise of inflation and inflation
expectations. Our analysis at the same time assumes that social networks in 2021
are correlated with social networks in 2016.

It is important to highlight that we do not analyze individual-level social con-
nectedness. The SCI is a proxy of how connected an average individual of a given
county is to individuals in another county. This measure has advantages and dis-
advantages. Its usefulness for our analysis stems from the common factors that
explain connections between regions, such as past migration patterns (see Bailey
et al. (2018a), Bailey et al. (2022)). In line with this feature of the data, we are not
necessarily interested in the information shared exclusively on Facebook, but in-
stead in common patterns of social connections.® The SCI is a proxy for such a
deeper social relationship between individuals spatially separated.

While Bailey et al. (2018a) establish in detail the social connectedness properties
of the measure, we provide examples of the connectedness weights as applicable to

our analysis (see Online Appendix A). We observe three distinct patterns. First, as

5We exclude the local SCI;;, to remove its influence in the outcome, so we can focus on the
cross-sectional difference of exposure to other counties.

®Qur instrumental variables strategy below, which exploits salient local gas prices as the instru-
ment, does suggest that salient information such as information on local gas prices flows through
the network—information that is highly relevant for the formation of inflation expectations.
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expected, geography plays a significant role, with stronger connections to nearby
counties appearing. Second, interestingly, we also observe robust social links with
more distant counties. Third, there is substantial heterogeneity in social connect-
edness, so even neighboring counties show varying degrees of influence on cities.
Our empirical strategy and robustness exercises will take into consideration those
geographic patterns, as we discuss in the subsequent sections.

Finally, we use data on the share of households that use gasoline more inten-
sively for commuting from the American Community Survey of 2019. In this sur-
vey, respondents are asked whether they use a private vehicle to commute. Addi-
tionally, we use US regular gas price at the monthly frequency from the US Energy

Information Administration.

2.2 Empirical Challenges and Identification Strategy

Identifying the effect of social networks on inflation expectations entails a chal-
lenge: Measures of others’ beliefs may simply capture factors that are common
across counties which happen to be connected through social networks. Then,
whenever such factors are sufficiently common, they may create spurious co-movement
in individual inflation expectations and inflation expectations of others — rather
than reflect genuine social influence. This section points out several such factors

and presents our identification strategy — designed to address these issues — which

is based on an instrumental-variable (IV) approach complemented by a carefully
chosen set of controls and robustness checks.

Several factors are likely to constitute such a challenge to identification in our
context, and have also been discussed extensively in the peer-effects literature (see,
e.g., Manski (1993); Sacerdote (2001); Duflo and Saez (2003); Bramoulle et al. (2009);
Goldsmith-Pinkham and Imbens (2013)). First, common shocks may create co-
movement in own outcomes and peer outcomes, in our setting embodied by own
and others’ inflation expectations. Such common shocks may occur at the aggre-
gate level, or at more disaggregated but influential local levels, for example captur-
ing region-specific price movements. These common shocks can lead to a classic
correlated effects problem emphasized in the peer-effects literature, for example

in Manski (1993), and subsequently addressed in empirical designs that exploit

11



random assignment or randomized information (e.g., Sacerdote (2001); Duflo and
Saez (2003)).

Second, other networks may transmit shocks and thereby create spurious co-
movement in inflation expectations. Such networks may be local trade networks
that connect counties. Common price co-movement may then lead people in the
social network to form similar inflation expectations, but not reflect true influ-
ence of expectations of others. Third, homophily in social networks — we are
friends with similar people — may induce common price movements because sim-
ilar friends share similar consumption baskets which may lead to co-movement
in attached inflation expectations. In other words, inflation expectations move to-
gether simply because those who we are connected to react similarly to the same
shocks. Homophily may likewise manifest in correlated commuting patterns and,
consequently, in similar exposure to gas-price fluctuations, which could generate
common movements in experienced inflation and inflation expectations.

Our main approach to address these challenges relies on an instrumental-variable
strategy. The approach takes two steps (which we describe formally below). In a
tirst step, we use a shift-share approach to build our instrument: We regress infla-
tion expectations on the interaction of county-level commuting shares by car and
the national gas price while filtering out any common time variation or county-
specific fixed effects. We then use the regression results to generate local, county-
specific shocks in inflation expectations as the component of inflation expectations
predicted by the county-specific exposure. As we account for common time varia-
tion with a time fixed effect, our approach exploits cross-county differences in car
commuting shares for identification. The first step concludes by aggregating these
local inflation expectations shocks across all other counties, county by county, us-
ing the social network weights for each county. In a second step, the resulting
aggregated measure serves as an instrument for inflation expectations in the social
network, allowing us to exploit exogenous variation in expectations not related
to the network nor to the type of relationship individuals have. Importantly, we
additionally control in our estimation for a county’s direct exposure to changes
in the national gas price, so the instrument acts on the residualized expectations,

after controlling for common time trend and direct exposure. Thus, our identifi-
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cation strategy relies not on the instrument alone, but on combining the network-
weighted shock with the direct-exposure control. The identifying variation con-
sequently reflects exposure through a county’s social network over and above its
own exposure, mitigating the concern that similar commuting patterns and hence,
similar, derivative exposure to gas prices, mechanically generate the estimated ef-
fect. As we show below, we complement our baseline instrumental-variable speci-
fication with a series of robustness exercises designed to address alternative expla-
nations involving spatially correlated shocks or common shocks across economi-
cally similar regions that might likewise imply correlated inflation expectations.

Before formally presenting the details of the identification scheme and its as-
sumptions, we note that the peer-effects literature has emphasized additional chal-
lenges. The most prominent is the reflection problem (Manski (1993)), namely the
difficulty of distinguishing simultaneity of influence from true causal spillovers.
In our context, this simultaneity concern is addressed by instrumenting “expec-
tations of others” with shocks originating solely in other counties, which by con-
struction cannot be driven by contemporaneous shifts in own-county expectations.
Another concern is measurement error in networks (Sacerdote, 2001; Bramoulle et
al., 2009)), which in our case would bias estimates toward zero; the use of well-
validated SCI data mitigates this risk. Finally, network endogeneity—the possibil-
ity that individuals sort into networks based on unobserved traits—is less relevant
in our context, as residential sorting will be absorbed by our subsequent use of
appropriate county fixed effects (see Goldsmith-Pinkham and Imbens (2013)).

Formally, how does our identification approach proceed? As the below sum-
marizes, we are interested in pinning down an unbiased estimate for 8 in the fol-
lowing regression:

m=PB(Qx nl—l—s 3)
o

where 7ris an N x 1 vector of county-specific inflation expectations; ) is the social
network matrix whose diagonal is a 0-vector and whose elements in each row sum

to 1; e is a vector of error terms. In Step 1, our first-stage regression is given by

™ =0 (7,Q(P x Comm)) +e, 4)

.

~N "~

z

13



where ¥ is the N x 1 vector of the expectations of others; P is the national gas
price in the fixed time period; Comm is an N X 1 vector of county-level commuting
shares; 4, is the OLS estimate of the effect of P x Comm on county-specific inflation
expectations; € is a vector of error terms. Our instrument, z, is given by the net-
work’s variation in inflation expectations due to the local exposure to gas prices.
This shift-share approach based on the national gas price and local car-based com-
muting shares follows Hajdini et al. (2022a).
Then, in Step 2, the IV estimate of 8 is given by

BY = () - (z'm) = () - (z'm) = (') - (z'(BQm +¢))

— B+ (ZOn) " (Ze), ©)

where B!V uncovers the true B if z’e = 0, that is, if

Z'e = % [2& (ZwijCOmmj>] =0. (6)

i j#i

Equation (6) is our central identifying assumption. Intuitively, we need to test
whether the social network shares correlate with commuting shares, as in that case
common shocks to the more exposed counties also imply higher transmission to
the network. We formally test this condition by regression county’s social network
weights w;; on the connected respective commuter shares Comm;, for all counties.

The central identifying assumption is clearly satisfied: The estimated coeffi-
cients are nearly 0 and not statistically different from zero for most counties, as
Figure 1 illustrates with counties lined up on the horizontal axis and sorted in in-
creasing order of their estimated coefficients. Likewise, a joint regression pooling
all counties and including individual and time fixed effects yields a small coeffi-
cient that is not statistically different from zero. Taken together, these results imply
that ) ;,; w;jComm;/N ~ 0. Hence, the central identifying assumption holds and
the bias in the IV estimate is approximately absent. Intuitively, this finding also
helps to rule out alternative channels. For instance, changes in gas prices could
affect expectations through various aggregate or information channels, not just

through heterogeneous exposure. However, the time fixed effects absorb any ag-
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Figure 1: Correlation between SCI and Own Car Commuting Shares
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grey lines represent 99 percent confident intervals.

gregate component of gas prices, as well as potential effects of public signals, and
the absence of a systematic correlation between between social-network weights
and our gas-use measure (Figure 1) rules out exposure-weighted effects.

A distinct concern is that the resulting network-weighted gas-price exposure
— our instrument — may be correlated with an individual’s own exposure to the
national gas price if socially connected counties have similar commuting shares.
More generally, homophily along dimensions beyond commuting shares can pose
a concern when estimating network effects. Within our instrumental-variable ap-
proach, this would violate the exclusion restriction, since the instrument could
affect the outcome through an individual’s direct exposure rather than through
network expectations. To address it, as noted above, we include a direct mea-
sure of individual exposure in our baseline specification, so that the instrument
identifies the effect of network expectations conditional on own exposure to the
national gas price. We retain this control in all specifications. We further estimate
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regressions that control for alternative measures of similarity, including similarity
in commuting shares and in other demographic characteristics. Were the omission
of such controls spuriously generating a positive relation between own and oth-
ers’ inflation expectations — the classic omitted-variable-bias case — including them
should drive our main coefficient toward zero. Instead, the coefficient remains
robust, as we report below, suggesting that this concern does not undermine our

identification.

2.3 Results

Implementing the outlined approach then provides evidence of the effect of infla-
tion expectations in the social network on individuals” own inflation expectations.
In the first step, estimates show that exposure to gasoline prices indeed has a pos-
itive and highly significant effect on inflation expectations, generating the local
variation in the network required to construct the instrumental variable. In the sec-
ond step, the instrumental-variable estimation incorporating appropriate controls
yields our main result: inflation expectations in the social network have a positive
and statistically significant effect on individuals” own inflation expectations

In line with Step 1, we project individual inflation expectations on the county-
level exposure to the national gas prices, including time fixed effects 6; to filter out

any common variation across counties:
n—f,d,c,t = (i) + 60t 4+ v4 <Pgas,t X Commc(i)> + €idcts (7)

where 77 ; ., denotes inflation expectations of individual i of gender d in county ¢
in period t; Pgss ¢ denotes the average national price of regular gas according to the
US Energy Information Administration and Comm, ;) denotes the share of people
who use their own car to commute according to the American Community Sur-
vey (ACS); a,(;) denotes county fixed effects. The key coefficient of interest in this
tirst stage is y; which gauges the validity of the exposure to gas prices in affecting
inflation expectations. The specification notably allows for possible gender differ-
ences in this relationship through ;. This degree of freedom is motivated by the
results in D’Acunto et al. (2021a), who find that gender differences in inflation ex-

pectations can be explained by gender roles associated with shopping experiences.
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Gasoline prices, as they show, are analogously more salient to men.

Table 1: Cross-Sectional Effect of Gas Price on Expectations

1) (2) 3) 4) (@) (6)
Poas 0.874%  -1.060***
(0.375)  (0.211)
Comim,;, 74574+ -8.383%*
(1.347) (1.130)

Pgasy % Commyy 31719 3318%*  3310%* 3414 3958+ (.834*
(0.513)  (0.386)  (0.444)  (0.407)  (0.475)  (0.379)

County FE No Yes No Yes Yes Yes
Time FE No No Yes Yes Yes Yes
Sample All All All All Men  Women
Observations 1,239,680 1,239,680 1,239,680 1,239,680 606,305 632,750
R-squared 0.008 0.012 0.011 0.015 0.014 0.015
Note: Columns (1)-(4) show results from estimating the first-stage specification 7{  , = ;) + 6 + v (Pgus,t X Commc(i)) +

€; .+, where 7'[1‘.'/ o denotes the inflation expectations of individual 7 at time ¢; Pgs: denotes the average national price of
regular gas; Comm,;y denotes the share of people who use their own car in county ¢ to commute according to the ACS;
and ;) and ¢ are county and time fixed effects included as appropriate in the first 4 columns. Columns (5) and (6) show
the results from estimating 717, ., = ;) + 0 + 74 (Pgﬂs,t X Commc(i)> + & 4.1, Where d € (man,woman). Observations are

weighted by the number of responses in a county in each period. Standard errors are clustered at the county level.

The regression results from the first stage of the approach validate the cru-
cial relationship between the exposure to gas prices and inflation expectations:
The analysis shows a positive, highly statistically significant effect of the expo-
sure measure on inflation expectations. This finding holds across specifications
and is in line with the well-established impact of gas prices on inflation expecta-
tions. Specifically, as Table 1 shows, a one-dollar increase in the price of gas raises
individual-level inflation expectations between 3.171 and 3.414 percentage points
in a county where everybody uses their car to commute, relative to a counterfac-
tual county where nobody does. Additionally, the findings from the first step show
that salience of experiences in the network can amplify the transmission of infor-
mation. According to Columns 5 and 6, men react more strongly to gas shocks than
women in places where gas is used more intensively to commute. The estimated

coefficient for men is 3.958, while it is 0.834 for women.
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Given these estimates, we exploit county- and demographic-specific variation
in the data to construct shocks to expectations at the county level as Gas_Ef fect; . =
Y4 (Pg,ls,t X Commc(,-)> . We then aggregate these shocks up to summarize the changes
in expectations within each county’s network due to differential exposure to gaso-

line price movements, our subsequent instrument z; ; ;,, computed as

Zict = Z wer Gas_Ef fect i ;. (8)
k+#c

In Step 2, we estimate the following main regression:

nze,d,c,t = “c(i) + 91‘ —+ ﬁk;: wc,knil,k,t + ' {Z: }77] <Pgas,t X Commc(i) X 1d(i):j> + Eidct (9)
c je\mw

14(j)—j is a dummy variable set to 1 if individual i's gender d equals j, where j €
{man (m), woman (w)}. We use z; ;, defined in equation (8), as our instrumental
variable for } .. w775, ;- Our main coefficient of interest is p.

When we estimate this specification, the main finding of the paper emerges:
The coefficient estimate of the inflation expectations in the social network is pos-
itive, statistically significantly different from zero and larger than the coefficient
estimate from a corresponding OLS specification. As Table 2 shows, relative to an
OLS benchmark that takes into account fixed effects and comes out at 0.266 (Col-
umn (1)), the corresponding instrumental-variable approach estimates a coefficient
of 0.549 (Column (2)). This result is economically meaningful. The estimated coef-
ficient of 0.549 implies that an individual exposed to the 75th percentile of inflation
expectations in their social network holds inflation expectations that are 1.05 per-
centage points higher than those of a comparable individual exposed to the 25th
percentile of expectations in their social network. We take the estimated coefficient
of 0.549 as our preferred measure of the social network effect, which serves as the
key input for the subsequent model calibration.

After presenting our baseline estimate of the effect of network-weighted infla-
tion expectations on individuals” own expectations, we examine whether the re-

sult could reflect alternative sources of correlated expectations. A natural concern
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Table 2: Estimated Effect of Inflation Expectations in the Social Network on Own
Expectations of Inflation

1) (2) 3) 4)
e Wek Ty s 0.266"*  0.549%**  (0.548%*  (.573"*
(0.056)  (0.093)  (0.094)  (0.112)
Pyast X Commyy X Ly, 3.079%% 3093  3.075%% 3083
0372)  (0376)  (0.290)  (0.369)
Pyast X Commyy X Lyg—y, ~ 3762°%  3.579%%* 3562+ 3557+
(0.338)  (0.342)  (0.265)  (0.340)

Counties All All All > 200m
Instrument - Baseline  Baseline > 200m
Controls No No Yes No
Time FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Regression OLS v v v
F-Test - 621 583 2520
Observations 1,239,055 1,239,055 1,239,055 1,239,055
R-squared 0.021 0.008 0.008 0.008

Note: This table shows results from estimating our instrumental variable (IV) specification. Column (1) is an OLS bench-
mark. Column (2) instruments } .. wc,knfj’k’t with the baseline gas instrument defined in (8). Column (3) repeats column
(2) adding controls of similarity measures as defined in Table 4 of Appendix A (coefficients omitted). Column (4) constructs
Lke Wek Ty i using only counties at least 200 miles away and instruments it with the corresponding > 200-mile gas instru-
ment. We weight by the observations in a county in each period. F-Test are from the first-stage regression. Standard errors

clustered at the county level.

is spatially correlated shocks. Although Figure 1 shows that SCI weights are not
systematically related to the car-commuting shares of connected counties, spatially
correlated shocks that also covary with car-commuting shares could nevertheless
affect our estimates. Column (3) of Table 2 adds a set of similarity-weighted con-
trols described further below, including a proximity-weighted measure of infla-
tion expectations in other counties. The coefficient remains virtually unchanged.
Column (4) reconstructs both network-weighted inflation expectations and the in-
strument after excluding all counties within 200 miles of county c. The resulting
estimate is again similar. Appendix Table 4 increases the exclusion threshold to
250 and 300 miles, with comparable results. These findings reduce the concern
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that spatially correlated shocks drive our estimates.

A separate concern is that geographically distant but economically or demo-
graphically similar counties may be exposed to common shocks or share character-
istics that generate correlated inflation expectations. Beyond the baseline control
for county c’s direct exposure to the national gas-price shock, Column (3) therefore
includes as additional controls measures of inflation expectations in counties with
similar commuting shares, employment rates, average wages, education, house-
hold debt, and population. We also construct proximity weighted measures of
network expectations. Table 4 in Appendix A contains their construction in the
table note, and reports results from specifications that include these controls in-
dividually and jointly. In every case, the estimated social-network effect remains
positive, statistically significant, and stable in magnitude.

Finally, we also assess whether spatial dependence affects statistical inference.
Table 5 in Appendix A reports results obtained by clustering standard errors at
more aggregate levels, including the state level, and by applying Conley (1999)
standard errors that allow for spatial dependence. The coefficient remains statisti-

cally significant across these specifications.

Remark. In preparation for our modeling exercise, it is useful to highlight an im-
portant interpretation of our results: using an instrumental-variables approach,
we can conclude, under certain assumptions, that an exogenous shock to the ex-
pectations of others that affects local inflation expectations—beyond the effects of
exposure to tradable goods and trade linkages—implies a violation FIRE.

To illustrate this point, consider the following example with two regions, H and
F, adapted from the model we develop in the following section. Regional inflation
evolves according to Iy = xmcpyy + PEd Ty 111+ (1 — ¢ )agxs and Ip = xmcp; +
BEIIE 41+ (1 — ¢r)apx:, where mc;; denotes the exogenously given marginal cost
in region i. Moreover, x; denotes the terms of trade between the two regions,
(1 — ¢;) € [0,1] denotes exposure to goods produced outside region i, and a; is
a region-specific constant. Consider a shock to inflation expectations in region F.
Under FIRE, the only channel through which this shock feeds into expectations
in region H is its effect on the terms of trade, the extent of which is captured by
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(1 — ¢pr). Therefore, if a shock to the expectations of others affects local inflation
expectations after accounting for consumers’ exposure to goods from region F, this
implies a violation of FIRE.

Indeed, the findings in this section indicate that the estimated effect operates
beyond exposure to tradable goods and trade linkages across regions—as evi-
denced by the stability of the main coefficient after controlling for spatially driven
trade networks, local gasoline consumption shares, and similarities in consump-
tion patterns, and after excluding nearby counties (Tables 3 and 4 in Appendix A;
Figure 1). Building on this evidence, the next section develops a model in which
expectation formation deviates from FIRE by incorporating the expectations of oth-

ers.

3 Macroeconomic Implications

Our empirical findings establish a positive relationship between the inflation
expectations of others and consumers’ own inflation expectations, which can be
interpreted as causal under certain assumptions. This result aligns with the social
determination of beliefs documented in other contexts (e.g. Bailey et al. (2018b,
2020)). This section tractably incorporates such a determination of beliefs into a
New-Keynesian dynamic general-equilibrium model of a monetary union, show-
ing its macroeconomic importance relative to a FIRE framework.

Two main sets of results emerge: first, socially determined beliefs can signifi-
cantly distort the propagation of supply and demand shocks, while also optimally
requiring the central bank to shift policy weights across regions, mimicking the
spirit of results in the open-economy literature such as Aoki (2001). Second, risk-
sharing is incomplete, similar to the results in Itskhoki and Mukhin (2021). Under-
lying these macroeconomic implications is a simple over-weighting of inflation ex-
pectations for goods in other regions, aggravated by regional asymmetries, which
amplifies distortions of relative prices and their dynamics.

3.1 Model Setup

The model economy comprises a monetary union where consumers live in two

regions, home (H) and foreign (F), that trade with each other, but workers are immo-
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bile across regions, as in Nakamura and Steinsson (2014) and Herreno and Pede-
monte (2022). We assume that the size of the home region is n € (0,1) whereas the
size of the foreign region is 1 — n. In what follows, we describe the economy of the
home region (H); the economy of the foreign region (F) is symmetric to the home
region.

Households. Households maximize their utility with respect to consumption,
labor hours, and bond holdings, subject to their budget constraint:

=S (G LS
max E — 10
Crr Lt Bre/ Pa Hot;)ﬁ L i S (10)
Bt + PutCht = WraeLnat + Bat—1Ri—1CH -1 + Dpy (11)

where Cpy; is real consumption; Pg; is the price level in the home region; L; de-
notes labor hours at nominal wage rate Wy; for consumers in the home region;
By denotes risk-less nominal bond holdings of consumers in the home region that
pay gross nominal interest R; that is subject to an exogenous regional risk premium
shock (pt; and Dy denotes the nominal profits of firms in the home region paid to
consumers in that region. Finally, Epy is a generic expectations operator — defined
in detail in the following section — that satisfies the law of iterative expectations
and standard probability rules.

Households have CES preferences over varieties produced across all regions
with elasticity of substitution v and preferences for the local good ¢p. Specifically,

v
v—1 1 v—1 v—1
v

1 v
Cyr = %CHV,H,HF(l—G”H) CH”,F,t (12)

where C; ; ; is consumption of goods produced in region i by consumers located in
region j. We assume that preferences for local goods are proportional to the sizes
of the regional economies, so that, (1 —n)(1 — ¢r) = n(1 — ¢n).

The price index of the home region is defined by the CES preferences,

1

Py = <¢HP}{tV +(1- CPH)P}:?V> (13)
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where pp; denotes the price of the good produced in the home region and pr; is
the price of the good produced in the foreign region, which is a CES aggregate of

a continuum of varieties z with a stochastic elasticity of substitution 77y,

THt

1 nge=1 H—1
Ci,]',t = (/ Ci,j,t(z) THt dz) . (14)
0

Firms. There is a continuum of firms in the home region that produce tradable

varieties and face demand coming from all regions. We denote the demand for the
home region products by Yy; and it is equal to

Y =nCh s+ (1 —n)Cr . (15)

Firms produce using a production function linear in local labor, Yp:(z) = Ly (z).
Firms within the region share the same real marginal cost (expressed in terms of
domestic goods) which as in Gali and Monacelli (2008) equals the regional nominal
wage divided by the price of the locally produced goods, that is, mcp; = %.
Firms’ price-setting problem is subject to Calvo price rigidity, where in each
period firms cannot re-adjust their price with probability 6, and they are subject to

FIRE:”

;B%E Y (68) T Quirj [Phe(2)yrsej(2) — mep iy iLiyj(2)], (16)
Ht j=0

. _(Piy(=) TTHE . . ..
where YH,H_](Z) = prrs Y ,++j and Q4 is a stochastic discount factor.

Monetary policy. The central bank sets the interest rate R; according to a stan-

1-n\ '™
& _ <7TnHt7_TFt 71) , (17)

dard Taylor rule,

R T

where R is the steady-state value of the nominal interest rate and 7 is the inflation
target.

We describe the model in detail and derive the set of linear equilibrium condi-

"The generalized version of the model shown in Online Appendix C also relaxes this
assumption for firms.
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tions in Online Appendix B.1. From hereafter, we focus on the linearized version
of the model and note that variables with a hat denote the log deviation of those
variables from their respective steady states.

3.2 Socially Determined Expectations

Our empirical analysis shows that, when forming expectations about the infla-
tion rate of the price index for their own consumption basket, consumers take into
account the expected inflation rate held by consumers in other regions. That is
equivalent to saying that that consumers in county i place some weight I'; on their
own expectations about their local, within-county, inflation and weight 1 —I'; on
others” expectations about inflation in other counties.

We incorporate this finding in a tractable way into the consumer’s inflation
expectations formation process by making two assumptions.® First, expectations
within each region are formed rationally using FIRE expectations for the prices of
local and imported goods, as well as region weights ¢; from the appropriate con-
sumption aggregator. That is, based on the linearized model, local inflation equals
L=t + (1— ¢i) 7 +, and local inflation expectations equal

BT = ¢iEi i1 + (1— ¢i)Eitj g’

Second, there is a cross-region, behavioral element in the expectations forma-
tion process which we implement similarly to L'Huillier et al. (2023) and Bianchi
et al. (2023): As highlighted earlier, consumers attach weights I'; and 1 —I'; to their
own local inflation expectations, and respectively to those of other regions. That is,

EilTi1 = TEIL g+ (1— L) Ed T

R . . (18)
=BT+ (1—T;) (BT 1 — Bellipgq).

The second line of equation (18) highlights the diagnosticity component of our ex-
pectations assumption but newly applied in the cross-section dimension, whereby

consumers over-weight news about inflation in other counties. Our setting, there-

8In Online Appendix C we generalize the model and apply this assumption to all expectations
in the model and find very similar conclusions to the ones we present in this section.

9Note that under FIRE, all consumers have the same expectations about the same variable, and
that is why an i subscript in the expectations operator is absent.
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fore, complements insightful work by L'Huillier et al. (2023), Bianchi et al. (2023),
and Bianchi et al. (2024), where the assumption of diagnosticity is applied in the
time series dimension. Additionally, in Online Appendix D we present a model
to micro-found the expression for the formation process of expectations, based on
Bordalo et al. (2023).

We note that learning about an individual’s consumption basket does not fea-
ture in our setup. The motivation for this modeling choice comes from our empiri-
cal findings: the instrumental-variable results show that exogenous local shocks
in other counties, which are fundamentally exogenous to an individual’s local
consumption prices, affect that individual’s beliefs about their own consumption
prices. Put differently, the fundamentals in an individual’s county are not in-
formed by the exogenous local shocks in other counties, and yet these shocks are
shown to matter for that individual’s beliefs.

Our two assumptions about expectations taken together then imply that
EiTTi 1 = O Bty p41 + O E 7411, (19)

where @7“" = (1 — ¢; — I'; + 2¢;T;) and @‘Z?ther =1 — ©Y“". These weights on in-
flation expectations differ from trade weights ¢; and 1 — ¢; in a systematic way,
Proposition 1 shows, and make up the basis for all subsequent deviations from
FIRE results.

Proposition 1 (Under-weighting local goods but over-weighting foreign goods).
Relative to FIRE, if there is home bias (¢p; > 0.5), socially determined inflation expecta-
tions under-weight the inflation expectations of local goods, but over-weight the inflation

expectations of goods in the other region:
@ < ¢ and @M > 1 — ¢,

Proof. Follows from equation (19). O

The intuition for this result is as follows: In a FIRE case (I'; = 1), consumers will
place weights on the inflation expectations of local goods that are identical to trade
weights ¢;. However, a deviation from FIRE (0 <T; < 1) leads to under-weighting,
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that is, ©7%" < ¢;, when there is home bias. The rationale for why home bias mat-
ters is as follows: absent home bias (or foreign bias), consumers” FIRE about fu-
ture regional inflation equally weigh the inflation rate of home- versus foreign-
produced goods, that is, lEtIAI]-ItH = IEth,-ItH. As a result, in the absence of home
bias, the beliefs of consumers in region j do not embed any information that is dif-
ferent from that of consumers in region i, and the socially determined expectations
collapse to FIRE. By contrast, when there is home bias and an associated devia-
tion from FIRE, a “diagnostic” weight on foreign inflation emerges whereby infor-
mation from the other region is unusually informative. This re-weighting pushes
overall expectations away from the true trade weights and reduces the relative
weight on home inflation — in other words, respondents under-weight home in-
flation expectations while over-weighting the other region’s inflation expectations.

A direct corollary of the resulting distortion of the weights due to the social
determination of inflation expectations lies in the distortion of the risk-sharing
condition between the two regions. In particular, as Corollary 1 shows, socially

determined consumers’ inflation expectations imply incomplete risk-sharing.

Corollary 1 (Incomplete Risk-Sharing). Let £; = Dy — Dry be the real terms of trade be-
tween the two regions and the regions are subject to the same risk-premium shocks. Under
socially determined inflation expectations, the risk-sharing condition is given by

—Yeut + Y =% — (2 —Ty —Tp)%:. (20)

[

social network effect

An increase in the weight on the beliefs of others, (1 —T;) for any i € {H,F}, decreases
risk-sharing.

Proof. See Section B.1. O

The effect of the behavioral deviation in the formation of inflation expectations
is akin to an uncovered interest parity shock in Itskhoki and Mukhin (2021); Can-
dian and De Leo (2023) that similarly leads to a modified risk-sharing condition.
In fact, the above results could be read as an alternative micro foundation to, for

example, noise traders when modeling uncovered interest parity shocks. The in-
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tuition is rooted in Proposition 1: relative weights are distorted from their FIRE

benchmark, which coincides with perfect risk-sharing.

3.3 Regional and Aggregate Dynamics

Socially determined inflation expectations can significantly affect the impact and
propagation of regional and aggregate demand and supply shocks, as we show
next. The propagation of these shocks is characterized by the following six equa-

tions that encapsulate the log-linearized model:

Consumption block:

A A 1 A A 1 A 1 - r
Crt =EiCpi1 — ;(Rt — BTy 1) + et i

E¢ (&1 — £1) (21)

social network distortion

1 . . Iy +Tr—2) .
;(th—é’Ft)+ (H,)/F)xt (22)

social network distortion

Inflation block:

Ty = x(a + ) Chit + BEA T s 1 + x(1 — pr)x ke + i — (1 — ) (dpgy — )

_ M(ém —ép) — k(1 — pu)xRe

social network distortion

(23)
[lr; = x(a +9)Crt + BB Ig 141 — k(1 — ¢p) X%t + dpr + (1 — ¢F) (e — fiFe)
Kx (1 — . . N 24
LA ey k(- )i 24)
r)/ %/_/
social network distortion
Terms of trade and policy rule block:
2= %1+ g — g (25)
Ry = rn(nllgy + (1 — n)Tlg) (26)

where é; ~ N(0,02) and 1;; ~ N(0,02,), with i € {H,F}, denote iid regional de-
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mand and supply shocks, respectively.! Moreover, x = a(¢y + ¢r)(1/7 — v),
X=7+a(¢n+¢r),and x =X(2 Ty —TF)/7.

Distortions in regional dynamics due to socially determined inflation expecta-
tions — relative to FIRE — show up clearly in several of these equations as they alter
the sensitivity of regional dynamics to the terms of trade £;. The precise effect of
socially determined inflation expectations on the propagation of aggregate and lo-
cal shocks depends on how the real terms of trade are affected, as we show in the
subsequent propositions.

Proposition 2 (Regional Dynamics: Aggregate vs. local shocks). Relative to FIRE,
regional dynamics are distorted by the socially determined inflation expectations in re-
sponse to local shocks but not in response to aggregate shocks.

Proof. As equations (21)-(26) show, distortions due to socially determined expec-
tations affect local dynamics as a function of the real terms of trade, x;. The real
terms of trade are, however, affected only when the local shocks differ across re-
gions. When the economy is subject to aggregate shocks, the real terms of trade
are not affected. See Appendix B.2 for details. O

We note that in the special case of no home bias in either region (¢ = ¢r = 0.5),
the result in Proposition 1 implies that shocks do not affect the terms of trade and,
as a result, socially determined inflation expectations cannot distort regional dy-
namics away from FIRE.

What about the aggregate effect of shocks? The aggregate dynamics of output

and inflation are described by the following set of equilibrium equations:'!

1

’ o A A nl—-Tyg)—(1—n)(1-T 1
Ytzﬁmﬂ—;(m—mtntﬂ)_( H) —(1—m)(1-Tf)

v v

-

(&

social network distortion

(27)
ﬁt = K([X + ’)’)Yt + ,BIEtﬁtH + ﬁt (28)

19See Online Appendix B.1 for their link to the risk-premium and elasticity of substitution
shocks, respectively.
Note that market clearing implies that Y; = C;.
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where & = néy; + (1 — n)ép; and 0y = niy; + (1 — n)ilg denote the aggregate de-
mand and supply shocks, respectively. The distortion due to socially determined
expectations again depends on the real terms of trade. Unlike the case of regional
dynamics in Proposition 2, local shocks have an aggregate impact only when some

asymmetries are present, as proven in Proposition 3.

Proposition 3 (Aggregate dynamics). Relative to FIRE, the expectations of others dis-
tort the aggregate dynamics for a regional shock if and only if there is effective belief asym-
metry, that is, A=n(1 —Ty) — (1 —n)(1 —T'r) # 0. Aggregate shocks do not lead to a
distortion relative to FIRE.

Proof. Follows directly from equation (27). O

This proposition is again intuitive: Aggregate shocks do not affect the real
terms of trade and hence do not lead to a distortion. Local shocks do affect the
real terms of trade. However, some degree of regional heterogeneity is addition-
ally necessary for socially determined inflation expectations to lead to a distortion
in aggregate dynamics. For example, the expectations of others will distort aggre-
gate inflation and output when regions have heterogeneous economic size, 1, or
pay heterogeneous relative attention to the expectations of the other region, cap-
tured by I';.1

Whether socially determined expectations induce an amplification or attenua-
tion on the response of aggregate output and inflation to local shocks, relative to
FIRE, depends on the sign of the interaction of the belief asymmetry A and the
expected first-difference in the terms of trade. Therefore, for a given A, the prop-
agation of socially determined expectations relative to FIRE differs depending on

12 Our result in Proposition 3 can also be interpreted from the point of view of economic and
social centrality. Specifically, the economic centrality of a region i coincides with its economic size,
whereas its social centrality is determined by the weight that consumers in the other region place
on region i’s inflation when forming expectations. The condition under which socially determined
expectations play a role for aggregate dynamics can then be re-arranged into

1_FF 7& n
T i

social centrality of H relative to F economic centrality of H relative to F

Socially determined expectations will then lead to distortions in aggregate dynamics if the relative
social centrality of a region does not match its relative economic centrality.
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whether the shock originates in the home or the foreign region. Our result then
adds a novel nuance to the well-known fact that diagnostic expectations —in a time
series context — amplify the response of macro dynamics to aggregate shocks (see,
for instance, L'Huillier et al. (2023), Bianchi et al. (2023), and Bianchi et al. (2024)).

We also note that socially determined expectations induce excess persistence
to the effects of local shocks on aggregate output and inflation. Under FIRE, the
effect of idiosyncratic local shocks dies out after impact since aggregates do not
depend on the past terms of trade. By contrast, socially determined expectations
yield a link between current macro variables and the previous terms of trade and,
consequently, induce a more persistent response to local shocks.'?

Finally, given that socially determined inflation expectations distort aggregate
dynamics away from FIRE, we consider their implications for optimal monetary
policy. Specifically, we assume a more general Taylor policy rule, such that R; =
rr (nYIlp; + (1 — ny)I1E;), where policy optimally chooses ¢ to minimize distor-
tions of aggregate dynamics away from what is implied by FIRE. We are able to
pin down an intuitive analytical solution for ¢ in the special case of a flat Phillips
curve (x ~ 0). In this case, monetary policy should adjust ¢ away from 1 as long
as the socially determined expectations affect aggregate dynamics. Importantly,
the inflation rate of region i should be weighed more than what is implied by its
relative size if and only if, when forming inflation expectations, consumers in the
other region assign a sufficiently high weight on the inflation rate of region i. Put
differently, the inflation rate of region i should be weighed more than what is im-
plied by its relative size if the social centrality of region i relative to the other region
outpaces its economic centrality relative to the other region (see footnote 12). We

refer the reader to Online Appendix B.2 for a detailed welfare analysis.'*

3.4 Quantitative Analysis

How large are the effects of socially determined inflation expectations on aggregate

dynamics, relative to the FIRE benchmark? A simple calibration exercise shows

13We refer the reader to the proof of Lemma 1 in Appendix B.3 for a detailed description of the
equilibrium laws of motion for aggregate output and inflation.

14We acknowledge that explaining how policymakers can measure social networks accurately is
beyond the scope of this paper. However, we also note that the dataset on the social connectedness
index provides one way in which policy makers can measure social networks.
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that allowing for socially determined inflation expectations matters mainly when
supply shocks hit the economy. This finding follows from a standard parameter-
ization as in Nakamura and Steinsson (2014), reported in Table 6 in Appendix A.
We set the intertemporal elasticity of substitution, <y, as well the Frisch elasticity
of labor supply, &, equal to 1. The discount factor is set equal to f = 0.99 and the
elasticity of substitution across varieties equal to v = 2.15 The Calvo parameter, 6,
is set equal to 0.75, implying that firms adjust their prices once a year. We set the
size of the home region to n = 0.1. The local good preference parameter for the
home region is set equal to ¢y = 0.69. The implied local good preference in the
foreign region is ¢r =1 —n(1 — ¢y)/(1 — n) = 0.9656. The interest rate response
to aggregate inflation is set equal to r,; = 1.5. All shocks are drawn from a standard
normal distribution, that is, oy, = 0, = 0y, = 0, = 1.

Setting I'y = I'r =TI, expectations about regional inflation in equation (18) can

be alternatively written as

EiflT;141 = (?) EIT 41 + <1%> EjflT; 11, (29)
where 171 captures the effect of a change in the expectations of region j on the
expectations of region i, while holding constant IE/IT;;, 1, that is, expectations of
inflation in region i under FIRE. Hence, we map the effect of the expectations of
others — consistent with the estimates of about 0.5 reported in the IV specifica-
tions in column (2) of Table 2 — to %, implying I' = H(}W = 0.6456. We find that
the impact of a one-time home demand shock on aggregate output and inflation is
0.77% and 0.40% lower compared to FIRE, respectively. The impact of a one-time
foreign demand shock on output and inflation is 0.77% and 0.40% higher compared
to FIRE, respectively. On the other hand, the impact of a one-time home supply
shock on output and inflation is about 5.39% and 2.82% lower compared to FIRE,
respectively. By contrast, the impact of a one-time foreign supply shock on output
and inflation is about 5.39% and 2.82% higher compared to FIRE, respectively.'®

15 Differently from Nakamura and Steinsson (2014), we assume that the production function is
linear in labor hours.

16We note that the sign of the impact of any of the four local shocks we consider on aggregate
output and inflation is the same under FIRE and socially determined inflation expectations.
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Figure 2: Impact of Socially Determined Inflation Expectations on Aggregate
Output Relative to FIRE

a) Demand shock to H b) Demand shock to F
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Note: Visualization of the effect of socially determined inflation expectations compared to FIRE for aggregate output,
when the model is calibrated as in Table 6 in Appendix A. Star in black indicates the impact relative to FIRE when
I'y=Tp=I= H(}W = 0.6456, consistently with the empirical evidence reported in column (2) of Table 2. The dashed
black line indicates the relationship between I'r and I'r for which there is no belief asymmetry (A = 0).

More generally, Figures 2 and 3 plot the heat maps of the difference between
the impact of various regional shocks on aggregate output and inflation for differ-
ent parameterizations of socially determined inflation expectations parameters, I'y
and I'r. The effect of socially determined inflation expectations is much more sub-
stantial in the case of local supply shocks compared to local demand shocks. Why?
The reason is that supply shocks affect the terms of trade much more than demand
shocks when the regional Phillips curve slopes are sufficiently low (x = 0.0858 for
the calibration in Table 6 in Appendix A).!” Moreover, the effects of socially de-

17We refer the reader to Lemma 1 in Appendix B.3 for the minimum state variable solution for
the terms of trade. We also note that supply shocks have been normalized similarly to Smets and
Wouters (2007) and many others in related literature.
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Figure 3: Impact of Socially Determined Inflation Expectations on Aggregate
Inflation Relative to FIRE
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Note: Visualization of the effect of socially determined inflation expectations compared to FIRE for aggregate inflation,
when the model is calibrated as in Table 6 in Appendix A. Star in black indicates the impact relative to FIRE when

Iy=Tp=I= HOIW = 0.6456, consistently with the empirical evidence reported in column (2) of Table 2. The dashed
black line indicates the relationship between I'y; and I'r for which there is no belief asymmetry (A = 0).

termined expectations relative to FIRE increase as I'y, ['r — 0, that is, when con-
sumers focus all their attention on the other region’s inflation when forming ex-
pectations.

Given the model calibration in Table 6 in Appendix A and I'y = I'r = 0.6456,
we also compute the optimal adjustment to the weights assigned to home ver-
sus foreign inflation rates in the Taylor rule, so that welfare losses arising from
socially determined expectations are minimized (see Online Appendix B.2 for de-
tails). Specifically, the optimal value of ¢ is 1.231. This implies that the weight
policy should assign to the inflation rate of the home region is 0.1231 instead of
n = 0.1, whereas the weight it should assign to the inflation rate of the foreign re-
gion is 0.8769 instead of 1 — n = 0.9. The optimal re-weighing gravitates toward
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1-Tp

the home region because that region’s relative social centrality {—-

=1 is higher
than its relative economic centrality /- ~ 0.1.

Finally, we investigate the extent to which the higher estimate of the social net-
work effect on inflation expectations has for our quantitative analysis. In particu-
lar, the estimate of 0.573 reported in column (4) of Table 2 implies a slightly lower
value for I'y =I'r = H(}W = 0.6357 and, as a result, a slightly bigger role of the
socially determined inflation expectations for aggregate dynamics.'® In terms of
welfare, the optimal weight to be assigned to inflation in the home region is 0.1237,
that is, negligibly higher compared to the baseline calibration of I'y and I'r.

4 Conclusion

Our analysis brings to the fore the idea that social networks can have an ef-
fect on the formation of inflation expectations. While other work has established
the importance of social networks in important contexts such as housing mar-
ket decisions, in this paper we focus on the expectations of a centrally important
macroeconomic variable for monetary policy—inflation expectations—and the as-
sociated macroeconomic implications. Our analysis shows empirically that con-
sumers form inflation expectations using information from their social network.
In an extension of the workhorse New Keynesian model, our analysis also shows
that this finding has quantitatively important implications for the dynamics of ag-
gregate output and inflation and the conduct of monetary policy.

Our findings open up new avenues for exploring the formation of inflation
expectations in the context of social networks. For example, future work might
consider the context of stability and multiple equilibria, or the role of network
super-nodes. Such future work may benefit policymakers who aim to keep in-
flation expectations anchored or provide forward guidance, but currently do not

assign a role to social networks in doing so.

18Specifically, the impact of a home (foreign) demand shock on output and inflation is 0.79%
and 0.41% lower (higher) compared to FIRE, respectively. On the other hand, the impact of a home
(foreign) supply shock on output and inflation is 5.53% and 2.91% lower (higher) relative to FIRE,
respectively.
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Appendix

A Additional Results

A.1 Tables

Table 3: Estimated Effect of Inflation Expectations in the Social Network on Own
Expectations of Inflation

1) ) 3)
Chte Wek T 0.573*%  0.564***  0.570***
(0.112)  (0.112)  (0.110)
Paast X Comitigy X Lygy—  3.083%  3.136™*  3.102%
(0369)  (0.374)  (0.370)
Pyas X Comigy X Lyyy—y, 35574 3.615%*  3.579%
(0.340)  (0.344)  (0.340)

Counties > 200m > 250m > 300m
Time FE Yes Yes Yes
County FE Yes Yes Yes
F-Test 2520 3826 2675
Observations 1,239,055 1,239,055 1,239,055
R-squared 0.008 0.008 0.008

Note: This table shows results from estimating our main, instrumental variable (IV) specification. We constructs
Ykote We k70, , only using counties at least 200 miles (Column 1), 250 miles (Column 2) or 300m (Column 3) away. We
weight by the observations in a county in each period. F-Test are from the first-stage regression. Standard errors clustered

at the county level.
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Table 4: Similarity-weighted inflation expectation controls
@ @ G @ ) ®) @ ® ©)
LhsteWekTyy,  0.549% 0.549*** 0.549*** 0.550%** 0.549*** 0.547%** 0.550*** 0.549*** 0.548***
(0.093) (0.093) (0.093) (0.093) (0.093) (0.093) (0.094) (0.093) (0.094)

Intery,c 3.093**  3.004% 3093 3114 3052 3.072%* 3115 3.093**  3.075**
(0.376) (0.373) (0.376) (0.347) (0.335) (0.376) (0.350) (0.376) (0.290)
Intery, 3579%%  B58IM* 3579 36004 3539 3560%* 3601 3579 35620
(0.342) (0.340) (0.342) (0.315) (0.304) (0.341) (0.321) (0.342) (0.265)

chmr 0.180* 0.146
(0.096) (0.092)

cYonase -0.005 -0.007
(0.033) (0.032)

cst 0.017 0.019
(0.027) (0.026)

Cltlibert 0.068 0.076
(0.087) (0.076)
cir, 0.265*** 0.260***
(0.069) (0.070)

CPistance -0.021 -0.023
(0.017) (0.017)

CGommute 0.019 0.022

(0.057) (0.051)
Observations 1,239,055 1,239,055 1,239,055 1,239,055 1,239,055 1,239,055 1,239,055 1,239,055 1,239,055
R-squared 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008
F (mean) 620.5 620 619.3 610.2 630 620.5 588.2 629.3 582.7

Note: This table shows results as Table 2, with additional controls Cj , = Y. wgi,’(”o 75 - For all similarity measures
)/ (Ejze1/1X0 = Xjol ) if Xeo # Xio, and
wjilz”o =1/Cif X.o = Xy, where C is 1% of the first percentile of the variable’s distance. The geographic-proximity control

sim

other than physical distance, the weights are defined as w?}/y = (1/]Xc0 — Xk

; Distance _ Distance e Distance _ 3—1 . -1 : : :
is constructed as C det = Yhtew ok T0 ks where w ok =d,/ Yite d G and d, is the physical distance between

P BT . AVGWage . . .. . .
capture similarity in employment rates; Wk , similarity in average wages;

, similarity in household debt; w’F, similarity in population; w

. . E
counties ¢ and k. The weights w, ;:'p
wg‘i, similarity in education; (,_;HkHDebf Distance

c, ck 4
proximity; and wf,‘?’”’”“te, similarity in commuting shares (gas usage). Each set of weights is used to construct a weighted

geographic

average of inflation expectations in the other counties k. Column (1) is the baseline with no additional control, and Column
(9) includes all controls jointly. See Appendix Section A.2 for details. Regressions are weighted by the number of responses
in a county and period. The variable Intery,; = Pgast x Comim(;y X 14(;)—,4 is the main control in our baseline specification.
Standard errors are clustered at the county level.
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Table 5: Estimated Effect of Inflation Expectations in the Social Network on Own
Expectations of Inflation with Different Clusters
(1) () 3)
Yt Wek T 0549 0549  (0.549*
(0.093)  (0.044)  (0.259)
Pyas,t X Comimy X Ly 03093 03.093"* 0.3.093**
(0.040)  (0.297)  (0.587)
Pyas,t X Comimy(py X Ly~ 3.579%*  3.579%* 3579+
(0.040)  (0.251)  (0.689)

Cluster City State Conley
Time FE Yes Yes Yes
County FE Yes Yes Yes
Regression v v v
Observations 1,239,055 1,239,055 1,239,055
R-squared 0.008 0.008 0.008

Note: This table shows results from estimating our main, instrumental variable (IV) specification. Standard errors are
clustered according to row “Cluster”, at the city level (Column 1) or at the state level (Column 2). Column 3 implements
Conley (1999) standard errors. We report Conley standard errors using a Bartlett kernel and a 200 miles spatial cutoff.
Results are robust to cutoffs of 100 and 300 miles.

Table 6: Model calibration

Parameter Value
Discount factor B 0.99
Intertemporal elasticity of substitution Y 1
Frisch elasticity of labor supply o 1
Varieties elasticity of substitution v 2
Calvo parameter 0 0.75
Size of home region n 0.1
Local good preference in home region o 0.69
Local good preference in foreign region ~ ¢r  0.9656
Feedback to inflation T 15
Standard deviation of shocks Oshock 1

A.2 Similarity Weights

We construct a variable that captures a county’s exposure to inflation expectations

in similar counties and add it as a control. We define similarity-weighted exposure
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to shocks in other counties as Cj ., = } 4. f:;(”é 7t 1 ;- The weights are defined as

1/]Xe0—Xjeol _ . 10
m fXCO #Xko, and (,L)Slm 1/C if XCO Xk,O/ where C is 1% of

the 1st percentile of the variable’s distance. Intuitively, the weights place a higher

sim __
Weko =

weight to inflation expectations in those counties that are similar in a set of char-
acteristics X at 2007. We also compare social networks with geographical proxim-
ity networks. We construct proximity-weighted inflation expectations, where the
weights are defined as

distance __ dc_kl

o Ydy

with (d.) denoting the distance (in miles) between counties ¢ and k. We then

w

include this proximity-based measure as a control in our main specification.

B Proofs

B.1 Proof of Corollary 1

Taking the first-order condition with respect to consumption in regions H and F,

log-linearizing and combining them implies

. 1., s
Crt — Cpr = —E(AHt — ARt), (B.1)
where Aj; is the marginal utility with respect to consumption for any region i €
{H,F}. Combining the two regions’ log-linearized Euler equations and assum-

ing that the law of one price holds in the long-run, that is, limy_, 13H,t+ = limy_, ple ks

PDistances are obtained from the National Bureau of Economic Research, compiled by Jean
Roth (2014).
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we have the following:

Amt — Ap = IEHt(/A\H,t—i—l + R — ﬁH,H—l +Cht) — ]EFt(/A\F,H—l + Ry — ﬁF,H—l +Cre)

E Z, (Resk — Mgy + éH,H—j) — Ep Z (Resk — TE i + éF,t+j)
k=0 k=0

(Eadly 1 — Erd g p1) + (Cae — Crr)

I
¢

>\~
|

0

[

IE; [rHﬁH,t+k+l + (1= Ty) T ppps1 — TRl Tp gy — (1 — FF)ﬁH,erkJrl}

k=0
+ (éHt - CAFt)

=Er Y (T +Tr — ) (Mg k1 — Hppgrrr) — e — Crr)
k=0

= (Ty +Tr —1)(Pu — Prt) — (Lo — Cre)
=% — 2Ty —Tr)& — (Cm — L)

In the absence of heterogenous regional risk-premium shocks, the following risk-

sharing condition emerges
—y(nt — Crt) =2 — (2 =Ty — T'p) %4

B.2 Proof of Proposition 2

Note that the distortions from the socially determined inflation expectations affect
regional and aggregate dynamics through the terms of trade. Moreover, the first

difference in the terms of trade is pinned down by the difference in the regional
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inflation rates, namely

Rt — X1 =gy — 1p

=x(a+7)(Cht — Crt) + BE: (g p1 — Llppi1) — (P + ¢oF — 2)(x — X) %t
kX (¢n + ¢r —2)(

+ Crr — Cre) + (¢ + ¢ — 1) (A — fipy)
x+5)Tg+Tp—1)+ -X +¢r—2 . .
_ (et )Ta+Tr-1) 77(7( D@t Pr=2), | op (2, — %)
x(% +or—2)+ua+ N N A 5
+ (X(¢n (PF,Y ) 7) (eut — ert) + (P + ¢ — 1) (g — 1ipy),
(B.2)
where ey = —Cpi, ép = —Cpi, X = a(¢n + ¢p)(1/7 —v), X =7+ a(gpn + ¢r), and
X= X2-Tu-TF) (Z_Ff_rF ) Asa result, the MSV solution for the terms of trade is such that

=>

t = aX;_1 + BSy,

where §; = |ér; épy O fpe s MN (04x1,%) with & = diag ( [aﬁe 0%, o, a%u] >
If both regions are shocked by the same innovations, that is, if g = {r; and
il = 1ipy, then the terms of trade remains in steady state. As a result, the socially
determined inflation expectations do not have any effect on regional dynamics.
By contrast, if {z; # {p; and/or fiy; # iiFs, the terms of trade are affected by local
shocks, implying that the socially determined inflation expectations will impact

regional dynamics.

B.3 Proof of Proposition 4

Before proving Proposition 4, we describe the minimum state variable (MSV) so-

lution for aggregate output and inflation in Lemma 1 below.

Lemma 1 (MSV solution of the model). The equilibrium dynamics under EoO for ag-
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gregate output, inflation, and the terms of trade are described by the following equations:

1A[t‘ =anXi_1+ Brdt; (B.3)

/
where ay,a; € R; |a|< 1; By, By, B € RY and 8 = [éHt G At ﬁpt] ~ MN(0,%)
with . = diag ( [a%{e 0%, o7, al%u} ) The MSV solution under FIRE is given by

(B.4)

Proof. We solve for a and B in the equation describing the terms of trade,
xAt = tletfl + B§t

Using this expression in equation (B.2), and re-organizing terms, a is the solution

to the following quadratic equation

Ba® — [1+,5+K<(¢H+<P1:—2)(7(—X)+@(TH+I’F—1)>}a+1:0,

N /
-~

d

thus,

d+\/d>— 4B
28

We assume that the process for the terms of trade is stationary, so that |a| < 1.

a =

Furthermore, we assume that the Phillips curve slope is sufficiently small so that

d > B. As a result, the unique acceptable solution for a is given by

d— \/d2— 4B
T (B.5)

a =
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The solution for B is given by

B = [K(“+7+X(£H+4)F_2)) _K(“+’Y+7€(E’;H+‘PP—2)) dg+¢r—1 1— ¢y —¢r|. (B.6)

We now turn to output and inflation, and consider the more general policy rule,
Ry = rp(nyTlg; + (1 — ny)T1g;). Applying the MSV solution guessed in equation
(B.3) to the aggregate Euler equation and Phillips curve, we have the following

two expressions for output and inflation:

N a-+A(1—a el . nr.(1— . N
‘n:<%*‘ﬂ é ))%_ e )

+ —r—ﬂBn—Fl[n 1—-n 0 O] 8t
Y L

.

S
M1y = (o + )y +aPax) &1+ (c(a+7)By + pazB) &) + [0 0 n 1—n§

/

B,
(B.7)
Then, the MSV solution coefficients are pinned down by the following system of

linear equations:

—a)(1 = pa)(ah — nrz(1 - ¢))

_
YA a) (T pa) + k@t 7)(rx—a)
_Kw+ﬂ
T 1—Ba (B.8)
= (x(a« +)By + PaxB + By)
By:%[ reBr + (nr7z(1—¢) 4+ yay +az + A1 —a)) B+ B]

We can combine the expressions for B, and By as follows:

oy 5 =[5 ] [ 545"

4 [ (nr(1—9)+yay+ar+A(1—a))B+B,

5 BaB + B,

.

-~

Q
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Therefore, in equilibrium,
[By Bn] —D(I - Q) (B.9)

We denote the solution coefficients under FIRE with a bar on top. Setting A =0
and ¥ =1, we have that 2, i, = 0, and

B, Be|=& BJu-0) (B.10)
0

Knowing the model solution under FIRE and socially determined inflation ex-

pectations, we derive an analytic solution for welfare losses:

Lo .o . L.
W = —2 [E@: — 9" + B (7 — A 'FF)?] -
1 |
= =5 | (@ + 2)E(?) + (62 + pa2)BEB

where § — nr(1—¢)+vyay+a+A(1—a)

. Note that a4, B, and ~ do not depend on ¥, hence

v
oW day dar 5 905  , dap ,
i (ayw + anw)) E(x?) — (5@ +B anﬁ> BXB'. (B.12)

A
Asx — 0,we havea, — 0, yay — aA —nrp(1 —¢), 6 — 3 and

0
x—0 al[) alp

() = —np 2L =) 2y (B.13)

As x — 0, welfare is maximized for = * > 0 such that n(y* — 1) = max <—n, —M> .

L4
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Online Appendix

A Additional Figures

We consider the social connectedness of Cuyahoga County, where Cleveland,
Ohio is located, with other counties across the United States. Figure 4 illustrates
this social connectedness through a heat map depicting the weights (w, ) for c =
Cleveland. The color scheme ranges from light yellow to red, with red depicting
counties that hold greater social significance for Cleveland. We observe three dis-
tinct patterns. First, geography plays a significant role, with Cleveland showing
stronger connections to nearby counties. Second, we also observe robust social
links with distant counties. For instance, individuals residing in Hillsborough,
Florida (Tampa) and Clark County, Nevada (Las Vegas). Third, there is substan-
tial heterogeneity in social connectedness. This is the kind of variability that we

exploit in the paper.

Figure 4: Social Connectedness of Cleveland to Other Counties (wcjeperand k)

271
0,000042100.000072
0,000072 10 0000158
0.000158 t0 0.106621

Note: The yellow-to-red color scale represents the degree to which Cleveland is socially connected to other counties, based

ON W(jeveland k- Red indicates higher wejeperang k- Source: Social Connectedness Index

In reverse, we also present the social connectedness of other counties to Cuya-
hoga County, Ohio. The heat map in Figure 5 shows the weights w_ for k =

Cleveland. Again, as in the illustration above, the three patterns also emerge in
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this case.

Figure 5: Social Connectedness of Each County to Cleveland (w. cieveland)

Cuyahoga County

(Cleveland)

0,00037 t0 0.10662

Note: The yellow-to-red color scale represents the degree to which counties are socially connected to Cleveland, based on

We,Cleveland- Red indicates higher w, cjeveland- Source: Social Connectedness Index

Below we show similar maps for other counties such as Cambridge, and Los

Angeles.

Figure 6: Social Connectedness of Each County to Cambridge (w,cambridge)

Cambridge

0,00003 10.0.00006.
0,00006 10.0.00007

0,00041 10.0.06224.

Note: The yellow-to-red color scale represents the degree to which counties are socially connected to Cambridge, based on

We,Cambridge- Red indicates higher we campridge- Source: Social Connectedness Index
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Figure 7: Social Connectedness of Each County to Los Angeles (w,r.4)

Facebook SCI Weights

0.00038 10 0.06166.

Note: The yellow-to-red color scale represents the degree to which counties are socially connected to Los Angeles, based on

we,.4- Red indicates higher w1 4. Source: Social Connectedness Index

B Model

B.1 Setup and Equilibrium Conditions

In this section we describe the model in detail for the home region H (the model
for the foreign region F is symmetric to the home region) and derive the system of
linear equations in equilibrium.

Households. Consumers maximize utility with respect to consumption Cpy, labor

hours Lg;, and real bond holdings bg;, subject to their budget constraint:

5| G Li"
max [Ej — B.1
Cat, Lutbm: t_Zé’B 1—1v 1[11 +« (B.1)

bri—1R—1CH -1
ITg;

where the risk-less real bond holdings of consumers in t — 1 pay gross nominal

bt + Chr = we Ly + +dyi, (B.2)

interest Ry_1; I1g; denotes the inflation rate in region H; labor hours are compen-
sated at a real wage rate wp;; dp; are the real profits of firms in region H paid

to consumers in that region; and (p; is a regional risk-premium shock such that
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log(Cpt) is an iid normal shock with mean 0. Episa generic expectations operator
that satisfies the law of iterative expectations and standard probability rules. Let-
ting A, be the Lagrangian, the first-order conditions with respect to consumption,

labor hours, and bonds are given by

Cyl = Ant,
YL = WA Ht, (B.3)
~ R A
At = BBy tCHt H+1

Il 41
Households have CES preferences over varieties produced across all regions with
elasticity of substitution v and preferences for the local good ¢. Specifically,

v
v—1 1 v=1 v—1
v

1 v-1 v=1
Cyr = (i)I]iICH‘iH’t—i—(l—(PH) CHV,F,t , (B.4)

where C;;; is region j’'s consumption of goods produced in region i. Moreover,
Cjit is a CES aggregate of a continuum of varieties z with a stochastic elasticity of

substitution 7, such that log(#p;) is an iid normal shock with mean 0:

THt

1 nHr=1 THE—1
Ciji = /0 ci,j,t(z) THt dz )

The price index of the home region is defined by the CES preferences,

1

Ps = (gupiy’ + (1= ¢py )" (B5)

where pp; denotes the price of the good produced in the home region and pr; is
the price of the good produced in the foreign region. Consumers in the home re-
gion optimally choose their demand for home-produced versus foreign-produced

consumption by maximizing Py;Cr — patCh 1t — PreCh p+ With respect to Cp 1 ¢
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and Cpg r given (B.4), which in turn implies the following demand schedules

—v

Cpi = Pu (%) Chi (B.6)
Ht

Chrt = (1—¢n) <1€_:1tt) Cht (B.7)

We assume that preferences for local goods are proportional to the sizes of the
regional economies, so that, (1 —n)(1 — ¢r) = n(1 — ¢y).

Firms. There is a continuum of firms in the home region that produce tradable
varieties and face demand coming from all regions. We denote the demand for the

home region products by Yp;, and it is equal to
Yir =nCr,n + (1= 1)Cr (B.8)

Firms produce using a production function linear in local labor, Yp(z) = Ly (z).
The real marginal cost, expressed relative to the price of domestically produced
goods, is given by mcy; = wgf—PﬁHf. Firms’ price-setting problem is subject to Calvo
price rigidity, where in each period firms cannot re-adjust their price with prob-
ability 0. Firms” have FIRE expectations and maximize their expected discounted

stream of profits with respect to price pj;,(z):

) ) * (2
maX lEt Z(Q,B)tJr]Qt,t+j th( ?YH,t+j(Z> - mCH,t+]'Lt+]' (Z) , (B9)
p}‘_“(z) j=0 PH,H—]

* NHt . . .
where Yy +]-(z) = (pZ—fij) Y t+jand Q44 is a stochastic discount factor. The

first-order condition with respect to the symmetric price decision pj;, is given by
0 .
Er ) (BOY QuitiP Yt 4 (1,14 jmCH 4P+ — (T4 — 1)Ph) = 0.
j=0

Monetary policy. The central bank sets the interest rate R according to a standard
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Taylor rule,

r'm
R; o T "
e (T B.10
R ( 7T ( )

where R is the steady-state value of the nominal interest rate and 77 is the inflation
target.
Aggregates. Aggregate output in the economy is given by

Y: = Y + Yrp. (B.11)

Steady state equilibrium. We assume that the following conditions hold in steady
state: Cy = Cp = C; py = pr = Py = Pr; @ = 1. We now derive the steady-state

equilibrium of the model.

Cun = ¢uCh; Cur=(1—¢u)Ch (B.12)
Crr = ¢rCr Cru = (1-¢F)Cr (B.13)
mcy = Mmicp= ﬁle (B.14)
Yy = nC; Yr=(1-n)C; Y=C (B.15)
R = 1/B; Y§ = ouCl (B.16)

Log-linearized model. We now log-linearize the model around the steady-state

equilibrium and start with the household equilibrium conditions:

Cor = EmCrp — % (Rt - ]EHtﬁH,t+1> - %éHt (B.17)
Yyt = @ur— YChi (B.18)
Crpr = —v(pur — Pr) + Cae (B.19)
Crri = —v(prr — Prr) + Crt (B.20)
Pye = ¢upur+ (1 — ou)prr- (B.21)
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Next, we move to the firms’ equilibrium conditions:

Yar = ¢uCr s + (1 — ¢1)Cr (B.22)
" N R A o 1\ A 1.
micy; = War — (P — PHt) = oY + (’Y - ;) Cht + ;CH,H,t (B.23)

Turning to the price optimal decision pj;,:

V(7 — D)Ee Y (B0) (Qrevj + Ve + Pisr) + YuiiuEr Y (BO) fir i
=0 =0

=Yu (g — 1)E; Y (BO) (Qrrsj+ Yeerj + P + e + MCH 147) S
=0

which implies that

o 0o ‘ 1 )
pI-llt_ ‘Bngt = IE; 2(139)] [(PH,t+j - th) - = H t+j + TTZCH,H_]':|
j=0

T —1
_E, Y (88) | L .
= t;)(ﬁ ) TTH 41+ — 7 — 1’7H,t+]’ +micy 4| -
]:
Setting 7ty = %(ﬁ}"{t — Put), k= —(1_9)él_ﬁ9), and gy = _—ﬁHl—lﬁHf’ one can show

that the inflation rate of goods produced in region H is given by
ftp = kmicy: + PEiAH 1 + dp: (B.24)

Using the fact that Py = ¢rpm: + (1 — ) Pry, it is easy to see that the inflation

rate in region H is given by
Mt = oty + (1 — ¢n) Ak, (B.25)

Similar equations can be easily derived for the foreign economy. Finally, aggregate
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output and interest rates are given by:

Yi = n¥Yg+ (1—n)Yg (B.26)
Ry = rp(nlly; + (1 —n)lIg) (B.27)

Regional equilibrium dynamics. We derive linear equations that describe con-
sumption and inflation in each one of the regions. It is useful to note that the

expected difference between future inflation in H and F under FIRE is given by

Et(TT 1 — M) = Ex(Rr01 — £1).

We start with the consumption: applying our definition of socially determined in-
flation expectations and setting ;; = —&;; for any i € {H, F}, the Euler equation in

the home region becomes

A A 1 A A 1 N 1 - r
Cat =EiCh11 — by (Rt —Edly 1) + ;th - i

Et(£r41 —%). (B.28)

We then use the risk-sharing condition to derive consumption in the foreign region:

N A 1, 1,. . I'y+Ir—2,
Crt =Cpt + ;Xt - ;(th — ér¢) + %xb (B.29)

Before we derive the regional Phillips curves, it is useful to note the following re-

lationships between prices

A a 1 - A A a A
Pat — Pur = 4)14—1——4:?[—13(“ Prt — Pt = _—47H +4)('I;F — 1xt (B.30)
R A . R " 1-— R
Pt — Prr = #Xﬁ Prt — Pre = _—‘PH T gb(f:F— 1xt, (B.31)
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and the links between consumptions

A A v(1—¢n) 2, A A vog

- YO PH) g - __YPH ¢ (B32
CHHt Cht — P Chrt = Cht + P — (B.32)
. A v 4 A A v(l — .
Crui = Cr——2F Crrr=Cr+ 210 4 (533

<PH+<PF—1 " ¢ +¢r—1

The Phillips curve in the home region is given by

K(l — ¢H) (

ontpr—19H (1—¢r))%:

My = ka(pn Y + (1 — ¢u) Ver) + 67 (ouCrir + (1 — ¢r)Crr) —
+ BEI Ty 41 + (1 — o) (p — Ope) + A
=x(a+7)Crr +x(1 — ¢u) (v + a(pr + ¢r))) (Crr — Crp) — 6(1 — ¢ppr) [av (P + pr) + 1]%;
+ BEI Ty 41 + (1 — ) (A — Apge) + gy
= w(a+7)Crr + x(1 — ¢r) (X — X) %t + BEL i 41

k(1 — X~ . . . A
- %@Ht —ert) — (1 — ¢u)(dpr — dpe) + Ay,

(B.34)
where x = a(¢y +¢r)(1/7—v), X =7+ a(Py +¢r)and ¥ = (’7+“(4’H+¢Fg)(2_rH_FF)‘
Following a similar procedure, the Phillips curve in the foregin region is given by

x(1 - ¢F)

Ilr = ke (¢pYrs + (1 — @) Vi) + 67 (prCrr + (1 — ¢p)Crrp) + (g — (1 —¢r)) %

Tt 1
+ BEX I 41 — (1 — ¢F) (A — ipy) + iy
= k(& +7)Cr — k(1 = ) (v + a(Ppn + <PP))) (Crt — Chir) + k(1 — ) [av (P + pr) + 1] %
+ BB g 41 — (1 — ¢p) (p — 0ps) +

= r(a+7)Crr — k(1 = ) (X = X) 2t + BB g 11

(1_(PF) (

p err — ért) + (1 — o) (dgy — dpt) + gy

+
(B.35)

Aggregate equilibrium dynamics. We now move on to derive aggregate output

and inflation.
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1—n)Ty+Tp—1), 1-n,
( )Ty +TF )xt B (x— o)
r Y
A L5 R X 1 . 1,
— ]EtCH,t+1 - ;(Rt + (1 — rH)]Et(Xt+1 — Xt)) — ;Etl—‘[H,t—Fl + ;th

1—n)(I'g+Tr—1 . .
+( )(I,{)/ F ) (th_eFt)

n(l — FH) — (1 — Tl)(l — rp)
i

Ci =nCppy + (1— n)él—"t =Cp; +

_1—n

Xt

) A 1, )
=E;Cipq — (EtRpp1 — %) — ;(Rt —Edl; 1)

1, R
+ ;(nth + (1 —n)ér),
(B.36)

where we have made use of two equivalences: IEtIATH,tH = ]EtﬁH_l +(1—n)Es(Rp1 —

%¢) and ]EtCH,tH = lEtCt+1 — (1_”)(r§+rp_1)]Etft+1. Imposing market clearing, that
is, C; = Y; and letting the aggregate demand shock be e; = néy; + (1 — n)ép;, we

have the following equilibrium expression for output:

n(1—Ty) — (1—n)(1—Tp)
Y

EA&H—£Q+%@

(B.37)

Next, we derive the Phillips curve for aggregate inflation, defined as IT; =
nlly; + (1 — n)I1g, after noting that n(1 — ¢) = (1 —n)(1 — ¢F):

~ N 1 4 n
Yi =EtYi1q — ;(Rt —Eidliyq) —

ﬁt = K(ﬂ( —+ ’)’)?t -+ ,BlEtﬁH—l + ﬁt, (B38)

where 1y = nilyg; + (1 — n)dg;.
B.2 Welfare Implications

Socially determined inflation expectations unsurprisingly not only affect the dy-
namics of output and inflation, but also the optimal weight in a Taylor rule that
monetary policymakers place on regional inflation rates when aiming to minimize
distortions from the FIRE benchmark. This section shows that monetary policy

should optimally put more weight on the inflation rate of socially more connected
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regions, a result reminiscent of open-economy findings such as Aoki (2001).
To derive this result, we assume that monetary policy is governed by the fol-

lowing generally parameterized Taylor rule:

R = rx(nyIlp; + (1 — yn)Ilg)

= T’ﬂﬁt + 111’7-[(1 — l[)) (ft — ft—l)

(B.39)

where the key parameter of interest is ¢, with ¥ > 0. When ¢ = 1, policymak-
ers target aggregate inflation defined as nlly; + (1 — n)I1f; whereas when ¢ # 1
policymakers target a slightly different measure of inflation where the weight as-
signed to regional inflation rates are distorted by 1. The above equation shows
that then, in the case of 1 # 1, monetary policy systematically responds not only
to the inflation rate, but also the evolution of the terms of trade.

Should policymakers optimally set i # 1 when inflation expectations are so-
cially determined? The optimal ¢* can be derived by considering welfare losses
that emerge from the socially distorted inflation expectations relative to FIRE. Specif-

ically,

1 I
p* = argmazysoW = 3 [(B(7 — 97'RE)? + (B — Af1RE)2

An analytical expression for {* can be derived as the subsequent proposition shows

in the case when the Phillips curve slope « for both regions is very close to 0:

Proposition 4. Suppose that the Phillips curve slope « for both regions is very close to 0
so that a > 0. Then, the optimal weight to the inflation rate of region H depends on the

effective belief asymmetry, in addition to its size n, and it is approximately given by

Yr

n(p* —1) =~ max (—n,—%) (B.40)

where a is the dependence of the current terms of trade on its past realization, A = n(1 —

I'y)— (1 —n)(1—TF) # 0and ry the systematic response of monetary policy to inflation.
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Proof. See Appendix B.3. O

Proposition 4 shows that monetary policy should optimally respond to the
terms of trade as long as there is effective belief asymmetry (A # 0).2° As a re-
sult, the inflation rate that monetary policy should target is slightly different from
the aggregate one, nlly, + (1— n)ﬁpt, that only accounts for regional economic
sizes. Importantly, more weight should be placed on the inflation rate of region
H if and only if (1 —n)(1 —T'r) > n(1 — I'y), that is, if the weight placed on the
inflation rate of region H by consumers in region F, 1 — I'f, is sufficiently high. By
contrast, if (1 —n)(1 —T'r) < n(1 — T'y) then the inflation rate of region F should

be weighed by more than 1 — n.2!

C Generalizing the Social Network Effect

In this section, we apply the assumption of socially determined expectations
to consumers’ expectations about consumption and firms” inflation expectations,

such that
EniCrr1 = EiCrpr1 + (1 —Th)(EeCr iyt — ECriria), (C.1)

where ]EtéFIt+] —E.C Hi+l = %Etﬁpkl. It is easy to see that generalizing the
application of socially determined expectations to future consumption does not
affect the Backus-Smith condition. Hence, the Euler equation in the home region

becomes

A N 1 A A 1 N 1 - r
Cht =EiCh i1 — by (Rt —Edlpy 1) + ;th + 1

E; [(FH +I'r— 2)9?t+1 + xAt] .
(C2)

201f A = 0, then policy responds the most to the inflation rate of the region with the biggest
economic size.

Hinterpreted differently, when A < 0, that is, the social centrality of region H relative to region
F exceeds the economic centrality of of H relative to F, then it is optimal for policy to respond
more to the inflation rate of region H. By contrast, when the social centrality of region H relative
to region F is lower than the economic centrality of of H relative to F (A > 0), then it is optimal to
respond less to the inflation rate of region H.

61



The Phillips curves for the home and foreign inflation are also affected as follows:

e =x(a+7)Crr + (1 — ¢p) (x — X) 2 — B(1 — Tr) B (£41 — £¢) + BEL T 111

_ w(ém —er) = (1= ¢u) (A — Ape) + Apie

(C3)
[T = (& + 7)Cr — k(1 — ¢p) (x — X) &t + B(1 = Tp)Er(Re41 — %) + PEL T 11
KU IOR (61— epy) + (1= )l — ) +

t UFt

(C.4)
Proposition 5. [Generalized Network Effect] Expectations in the social network distort

aggregate dynamics if and only if there is a local shock and at least one of the following
two conditions holds:

n(1-Ty) # (1 —n)(1—-TF)
(1-Ty)(1—-TF—Ty)#0

Proof. We aggregate regional dynamics to get aggregate consumption:

5 = nC s A (A=m)Ty+Tr-1
Ct:nCHt+(1_n)CFt:CHt+( n)(Tp+Tr—1)

N 1—n,, A
Xt — (ért — €ry)
Y Y
A 1 A A 1_FH A A 1/\
=ECry1 — ;(Rt —Edly 1) + B¢ (£ + (T + T = 2)%11) + ;th
1—n)Ig+Tr-1), 1—n,, 5
+( )( H F )Xt— (th_eFt)
0 Y
EiCryy— S(Ry — Eglly) + 2o
t+ v t+ v
n(l-rT —(1—-n)(1-T n o s
( H) (,), )( r) (Etfp31 — %) — (1 —Ty)(Tyg +Tp — 1)Ei%11
(C.5)

62



Applying market clearing we have that aggregate output is described by

~ o 1 4 o 1.
Yy =EtYiq — ;(Rt —Edli11) + ;€t

_[n(1-TH)—(1—n)(1-TF) (Etfpp1 — %) — (1 =Ty)(Tg +TF— 1)]Et9?t+1] :

%
(C.6)

Finally, the aggregate Phillips curve is given by:

I = x(a+ )Y + BEIT 4+ — B[n(1 —Tg) — (1 —n)(1 —TF)]Ei(£41 — ).

(C.7)
Thus, socially determined inflation expectations would have an effect on aggregate
dynamicsifn(1—Tgy) —(1—n)(1—Tf) #0and/or (1 -Ty)(1—Tr—Ty)#0. O

Corollary 2 shows socially determined expectations can distort the dynamics
away from FIRE even when both regions are symmetric to one another, that is, if
n=05and 'y =Tr=T#1,aslongasI #0.5.

Corollary 2. [Generalized Network Effect in a Symmetric Economy] Expectations in the
social network distort the aggregate dynamics in a symmetric economy with n = 0.5 and
I'y =Tr =T # 1ifand only if there is a local shock and I" # 0.5.

Proof. Follows from Proposition 5. O

D Microfoundations for the Formation of Inflation Ex-

pectations in the Presence of Social Networks

This section outlines a model for the formation of inflation expectations in the
presence of social networks. The framework we propose extends the memory and
recall model of Bordalo et al. (2022) and Bordalo et al. (2023) by incorporating the
feature of social interaction. This model aims to provide a micro-foundation of
inflation expectations formation that can discipline the empirical strategy and the

subsequent macroeconomic model choice of the expectation formation process. We
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start by describing a baseline setting in which individuals in the economy do not
socially interact (similar to Bordalo et al. (2022) and Bordalo et al. (2023)). We then
allow individuals to socially interact and exchange experiences, deriving a close
form to estimate the influence of social networks in the expectation formation pro-

cess.

D.1 Baseline: No Social Interaction

Consider an individual 7, who has stored a set of personal experiences in her mem-
ory database E; of size |E;|. For simplicity, we split the set of experiences of i into
three mutually exclusive subsets containing high-inflation experiences, E/, low in-
flation experiences, EF, and experiences that are irrelevant to high or low inflation
experiences, E9. We would like to assess the probability that individual i recalls
experiences that are similar to a particular hypothesis k € K = {H,L}, where H
denotes the hypothesis of high inflation and L that of low inflation. To assess the
probability of recall, we define a similarity function between two events u; € E; and
v; € E;, thatis, S;(u;,v;) : E; X E; — {0 S_,-] , that quantifies the similarity between
individual i’s experience u; and v;. The similarity between any two experiences u;
and v; increases in the number of shared features between the two experiences, and
the highest value of similarity, S;, is achieved when u; = v;. We purposely abstract
from providing a functional form for S; to warrant generality of our results.??
Based on this setup, we define recall probabilities of experiences and link them
to expectations as follows. First, assume that similarity between an experience e;
and a subset of experiences, A C E;, is given by S;(e;, A) = ¥,.ca % Further,
assume that the probability r(e;, k) that individual i recalls experience e;, when
presented with hypothesis k, is given by the similarity between e; and event k as
a share of the total similarity between all the experiences in the memory database
and hypothesis k, that is, r(e;, k) = %
The probability that individual 7 recalls experiences similar to hypothesis k € K

is given by the total similarity between experiences related to k and hypothesis k as

22The functional form of similarity can also be unique to individual i.
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a share of the total similarity between all the experiences in the memory database

and hypothesis k, that is,

ri(k) =
(k) Yecrr Si(ek) + Yocpr Si(e,k) 4+ Xocpo Sile k)

(D.1)

Notably, an enlargement of experiences related to k leads to a higher recall proba-
bility of hypothesis k, but experiences EY unrelated to k imply interference for r; (k).

We now link recall probabilities with the focal object of the current paper: in-
flation expectations. Consistent with our two hypotheses of interest and without
loss of generality, inflation can be characterized as a process with two states: a high
regime (H) with inflation equal to 7 and a low regime (L) with inflation equal to
7l Assume that the presence of the two regimes and the inflation levels associated
with each regime are common knowledge.

Further, given probabilities of recall, assume that individual i draws T; experi-
ences with replacement from her memory database, E;. Let R;(k) denote the num-
ber of times that i successfully recalls events aligned with hypothesis k € {H,L};
that is, R;(k) is binomially distributed as R;(k) ~ Bin(T;,ri(k)). Then, individ-

ual i’s perceived probability that regime k will realize is p;(k) = % for any
k € {H,L}. Her expected inflation is given by
i = pi(H)A" + (1= pi(H) 7" = pi(H) (2" — 7t) + 7 (D-2)

where p;(H) is the source of heterogeneous expectations in this simple setting.

In this setup, an increase in r;(H) increases, on average, the odds of successful
recalls of experiences aligned with hypothesis H, thatis, R;(H). An increase in the
latter raises the probability that individual i assigns to the high-inflation regime,
thus putting upward pressure on her inflation expectations, as shown in equation
(D.2). Proposition 6 formalizes this positive relationship between inflation and the

recall probability of events linked to the hypothesis of high inflation.
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Proposition 6. Individual inflation expectations 71§ are increasing in the recall probability

of the high-inflation regime.

Proof. Recall that R;(H) ~ Bin(T;,r;(H)) and that p;(H) = R’(H) R () R0 BY the cen-

Ri(H)+
tral limit theorem, we have that zH = w ~N(0,7;(H)(1 —r;(H)). There-
H
—=+ri(H)
fore, imr, oo pi(H) = lim7, ;00 — Vi T = (I;’)( +r) o If the recall prob-
\FJrr (H)JrﬁJrri(L)

ability of the high-inflation regime increases, then the perceived probability of

regime H increases leading to an increase inflation expectations. [

D.2 Social Interaction

Now suppose that individual i socially interacts with other individuals j € {1,2, ...,i —
1,i+1,...,N; + 1}, such that every individual j shares experiences with i. N; de-
notes the total number of individuals who i interact with. We denote the set of
experiences that individual j shares with individual i by E; ,; (without putting any
restrictions on the flow of information in the reverse direction). Experiences shared
by individual j are categorized into three mutually exclusive subsets: high infla-

low inflation experiences, EL ., and experiences irrelevant

tion experiences, Ef! i

i
to high or low inflation, E]O s

We assume that, when interacting with others, individual i’s assessment of sim-
ilarity between k-related experiences shared by any individual j and any hypothe-
sis k is conditional on the share of common demographic characteristics between i

and j, §;j. Therefore, the similarity between any experience e € E k. and hypothesis

j
k is given by S;(e,k | 6;;). This assumption allows for a heterogeneous function to
judge the similarity between a given hypothesis and experiences shared by others

that explicitly depends on characteristics of other individuals in the network.?

23Using common demographic characteristics is supported by the empirical evidence that
individuals with common demographic characteristics, such as gender and age group, share
similar experiences in terms of inflation (see, for instance, Malmendier and Nagel (2016), D’ Acunto
et al. (2021b), Hajdini et al. (2022a), and Pedemonte et al. (2023), among others). Golub and Jackson
(2012) discuss the role that homophily plays for the convergence of beliefs to a consensus. More
generally, others, such as McPherson et al. (2001) have established the role of homophily in the
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When computing recall probabilities, we assume that individual i assigns weight
7; to her own experiences and weight (1 — 7;) to everyone else’s experiences. We
further assume that she assigns weight w;; € [0,1] to experiences shared by in-
dividual j that depends on the share of common demographic factors between
individual i and j, and that is such that };w;; = 1. Let #;(k) denote individual
i’s probability of recalling experiences linked to hypothesis k € {H,L} when she

socially interacts with others, described by:

Vi Locpr Si(e k) + (1= 7i) L wyj ZEGE;(—H' Si(e,k | dif)

ViXeer, Si(ek) + (1= 7i) i wij Yeer,,; Si(e,k | 6)
where Y. Si(e k) = ZeEEiH Si(e k) + ZeeEiL Si(e k) + ZeEElQ Si(e, k) denotes total
own-experience similarity and Y pcp, | Si(e,k|d;;) = ZeeE}ii Si(e k| dj)+ ZeeEjLHi Si(e k|

#i(k) (D.3)

3ij) + Loc £, Si(e,k | d;j) denotes total shared-experience similarity. In the subse-
quent analysis, we assume without loss of generality that individual i always pays
some attention to her own personal experiences, that is, v; € (0,1] and that the
personal as well as the network memory databases contain both k-relevant and
k-irrelevant experiences, so that ), EH Si(e,k) >0 forany k € {H,L}.

To understand the effects that experiences shared on social networks have for
individual inflation expectations, we decompose the recall probability into a per-

sonal and network component as follows:

) 7,8k (1-7)8f,
Fi(k) = oK k. oK\
YiSi+ (L—7i) (S5, +S5 ) 7iSi+ (1 —71)(Ss, +S5 ) (D4)
per;gnal net;vrork

where Sf = Y .cpr Si(e k) denotes the total similarity of relevant own experiences;
1
g\ _

; L KK Si(e, k) denotes the total similarity of irrelevant own experiences;
i

Ski_ =Y Wii Ye B, Si(e,k | 51-]-) denotes the total similarity of shared relevant expe-

network formation process.
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riences; and Sg\k = Liwij X, _px Si(e,k | 0;j) denotes the total similarity of shared
irrelevant experiences. It is cleja_liz that the network will have an effect on the recall
probability of individual i if and only if she pays attention to experiences shared
on the network, that is, if and only if 7; < 1. Conditional on 7; < 1, two oppos-
ing forces arise when the network shares k-relevant experiences, that is, when Slgi_
increases. On the one hand, the personal component declines since it becomes
more difficult to retrieve personal k-relevant experiences. On the other hand, the
network component increases since it becomes easier to retrieve k-relevant experi-
ences that are shared from the network. On net, it is straightforward to show that
ofi (k)

the latter effect always prevails since S5t > 0. By contrast, network k-irrelevant

o

experiences increase Sf;\k and thus interfere with both the personal and network

components of the recall probability of hypothesis k, that is, ggé@ < 0. Put dif-
i,
ferently, such experiences make it more difficult for k-relevant experiences to be

retrieved from the memory database. Proposition 7 formalizes this analysis.

Proposition 7. Consider individual i’s recall probability of hypothesis k in equation (D.4).

Then, the following statements are true:

1. The social network has an effect on the recall probability of individual i if and only if
individual i allocates attention to experiences shared by others, that is, if and only if
7i € (0,1).

2. Suppose that i assigns some weight to the experiences shared by others, that is,
vi € (0,1). Then,

W>O and 8ri_15k2<0 (D.5)
aS5, as 5i\

that is, additional k-relevant experiences increase the recall probability #;(k), whereas

additional k-irrelevant experiences decrease recall probability #;(k).
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Proof. Consider individual j’s recall probability of hypothesis k

S+ (1—7)Sh,

fi(k) = D.6
(k) 7iSi + (1 —71)Sy, (D6
Then, the response of 7;(k) to a change in Slgi' is given by
K\k K\k
or;(k) (- ‘)’)’isi\ +(1- 'Yi)sgi_\ -0 (D7)
ask TS+ (1 Yi)Ss. '
BA,- k . aAi k — 1 —
Clearly,ars—(,g)>01f'yi<1andars—%i.)—01f'yi—1. O

Our ultimate goal is to understand how the network affects inflation expec-
tations. Consider two individuals 7 and j that are connected via the network.
Suppose that individual j adds a new personal experience that is relevant to the
high-inflation regime into her memory database and she shares the experience
with individual i. From Proposition 6, the inflation expectations of individual j
increase due to an increase in her subjective probability assigned to the high infla-
tion regime, p;(H). Then, as long as y; < 1 and wj; # 0, this exogenous increase in
the expectations of i’s network should lead to an increase in the individual inflation
expectations of individual i.

Corollary 3 formalizes this result. It is important that, conditional on the indi-
vidual paying attention to the network, increases in the inflation expectations of

others should increase individual inflation expectations.

Corollary 3. Suppose that individual i pays attention to her network and to the experi-
ences that j shares, that is, v; < 1 and wj; # 0. Suppose further that the inflation expec-
tations of j increase because she observes an additional H-relevant personal experience.
Then, this increase in the inflation expectations of individual j will lead to an increase in

the inflation expectations of i.

Proof. Follows directly from Propositions 6 and 7. O
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D.3 Testable Implications for Inflation Expectations

How predictions of the model map into a fairly generally defined empirical envi-
ronment? Following Proposition 7, if a researcher has access to data on the inflation
expectations of an individual or region i, 7t{, who is potentially socially connected
to individual or region j € {1,2,...,i —1,i +1,...,N,N + 1}, combined with data on
the intensity of the network connections wjj, then one can estimate the following

specification to test for the importance of expectations of others:

N
7=+ B x Zwijnf—i—si (D.8)
=1

This specification leads to the following Testable Implication: 8 > 0: social in-
teraction has a positive effect on inflation expectations if people pay attention to

experiences shared by others (see Proposition 7).
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