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Abstract

People process the same information differently depending on who
delivers it. Information resonates with recipients when they identify
with the person who communicates it or whose personal experience it
reflects. Resonant information imprints itself in our psyche and comes
to mind when making relevant decisions. We describe and formalize
the phenomenon of resonant information being more heavily weighted
in the process of belief updating, and work through its implications for
social transitions in response to COVID-type shocks, for the influence
of role models on behavior change such as vaccine adoption, and why
social media changes the influence of experts.

Individuals and communities of people with different socioeconomic and

demographic characteristics make systematically different choices in many

important economic, financial, and other dimensions. Examples are the de-

cision to go to college, start a family, buy a house, invest in stocks, start a

business, or move to a higher-wage city.

What explains the persistent differences along socio-demographic lines?

One determinant is access to information. A large literature on information

∗We thank Nikki Azerang, Rishi Chandran and Xiaobo Yu for excellent research assis-
tance.
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diffusion has explained its influence on precisely the types of choices outlined

above. Uneven access to information has been linked applications such as

financial choices in developing countries, to family formation or schooling

choices in underserved communities, or adoption of frontier technologies in

industry.

However, as information technology has made knowledge ever more acces-

sible, we might have expected communities with access to similar information

to develop more similar beliefs and make more similar choices. Yet, economic

decisions and incomes of neighborhoods are diverging. For example, as rates

of internet access climb ever higher, we still see educational choices diverge

across communities, house price beliefs have a local component, and even

behavior in response to COVID depends on communities (Fogli and Guer-

rieri, 2019; Kindermann, Le Blanc, Piazzesi, and Schneider, 2021; Kuchler,

Russel, and Stroebel, 2020). To some extent, differences in preferences and

financial constraints play a role here. But why don’t we see more convergence

in beliefs if access to information is more extensive then ever before?

In this paper, we argue that the prior emphasis on “access” to infor-

mation, or lack thereof, neglects an important determinant of actual infor-

mation processing, which we call information resonance: Whether or not

people account for information, and how strongly it features in their deci-

sions, depends on how firmly the information is anchored in memory. Some

information is transmitted, but not internalized. The person learning the

information does not find it as relevant, and does not feel the importance of
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this experience in a way that will encode it in their memory for use in future

decision making. Abstractly learned statistics and other information tends

to be weighted significantly less than information gathered from personal

experiences (cf. Malmendier (2021a,b)) or the experiences of others whom

we care about, identify with or empathize with. This is not a question of

“limited attention” or cognitive limitations, as frequently modeled in eco-

nomics. Recipients did not “miss” the information in question, and might

be able to reproduce and recite it even it does not resonate with them. In-

stead, they simply do not identify with the person conveying the information

and, as a result, put less weight on it in terms of its relevance to their own

decision-making.

The notion of information resonance, and its determinants, build on a

long literature on social-learning theories starting with Bandura (1963). The

research on social learning theories posits that (1) learning occurs when we

observe behavior and its consequences (action-payoff pairs in our model), but

that (2) it is not pure behavioral imitation (the main insight of behaviorism

starting from Skinner (1938)); rather, individuals process the observed infor-

mation, and the process is affected by the social context (Bandura, 1977).

How an individual processes the information depends, in turn on charac-

teristics of both the observer and the observed behavior or event. In particu-

lar, observers are biased towards learning from models they identify with and

that are similar to themselves in some way. Similarity has been identified

3



in terms of kinship, familiarity, gender, and language.1 For example, hear-

ing from a colleague that they will not vaccinate their 8-year old kid before

longer-run studies are out might resonate more with us than a statement by

Anthony Fauci. Or, the investment trading behavior of a family member

might inspire and influence us more than advice about longterm investment

by Warren Buffet.

We explore the idea that people with heterogeneous characteristics at-

tribute more relevance to experiences and information that come from others

they perceive to be like them, i. e., from the experiences of their community

members and social circles (including their own experiences).2 As a result,

people with heterogeneous characteristics display heterogeneity in beliefs and

choices that follow socio-economic, racial, ethnic, and political boundaries.

Such inequality is difficult to remedy with traditional information campaigns

and redistributive policies or with traditional information provision. While

other barriers, such as discrimination surely exist, one important barrier that

may keep the poor from escaping poverty is the social barrier to information

transmission.

1For kinship (mother) see (Corriveau, Harris, Meins, Fernyhough, Arnott, Elliott, Lid-
dle, Hearn, Vittorini, and De Rosnay, 2009);For familiarity, or in-group effects, see (Lear-
month, Lamberth, and Rovee-Collier, 2005);(Corriveau and Harris, 2009);(Shutts, Kinzler,
McKee, and Spelke, 2009);(Buttelmann, Carpenter, Call, and Tomasello, 2007);(Seehagen
and Herbert, 2012);For gender, see (Serbin, Poulin-Dubois, Colburne, Sen, and Eichstedt,
2001);(Frazier, Gelman, Kaciroti, Russell, and Lumeng, 2012);(Shutts, Banaji, and Spelke,
2010);(Taylor, 2013);For language see (Shutts, Kinzler, McKee, and Spelke, 2009);(Kinzler,
Corriveau, and Harris, 2011);(Kinzler, Dupoux, and Spelke, 2007);

2It is no accident that community and communicate derive from the same Latin ori-
gin. Communities are and have always been groups of people who communicate or share
information.
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Section 1 proposes a framework for thinking about information diffusion

when social proximity determines how much information “resonates,” i. e.,

how much weight individuals put on an action-outcome pair they observe.

The model illustrates how information spreads more quickly among people

who share similar characteristics. Building off the social-learning research

cited above, the vector of social characteristics could represent anything that

might make one “identify” more or less with another person: race, language,

ethnicity, political affiliation, religion, education, income, location, or even

affiliation with a sports team.

We use this model to contrast the role of information resonance with that

of information access. Initially, we allow people to learn from everyone else’s

experiences. That is, in the initial benchmark case, there is full access to

information about all actions and resulting realizations of the variable(s) of

interest. However, people give more weight to the experiences of people like

them (including their own experiences). This could be the optimal use of all

available information in the sense of full Bayesian updating. For example,

one might give more weight to the experiences of “people like me” since the

economic shocks are highly correlated within socially similar groups. Or it

could reflect suboptimal but “neurologically realistic” Bayesian updating –

the experience of someone that I identify with triggers a different emotional

response and encodes itself as a more durable neural connection.3

3This is related to the neuroscience work on synaptic plasticity: (Abraham, Jones, and
Glanzman, 2019), (McNaughton, Douglas, and Goddard, 1978); Long-Term Potentiation
(LTP) as underlying mechanism for learning and memory: (Bliss and Lømo, 1973), (Mali-
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Section 2 show that, even when all experiences are observable to every-

one, the beliefs and actions of different communities, or social circles, can

diverge for long periods of time. The more people discount the experience

of socially distanced households, the more the slower the transmission and

ultimate convergence across groups, and the longer do “information ghettos”

persist. This model set-up provides a new perspective to the debate on how

to address, say, income and racial inequalities, rural poverty and the differen-

tial rates of economic progress or vaccination rates of new immigrant groups.

As we illustrate in our first result, the effect of providing more and better

information might pale in comparison to the effect of resonant information.

We consider a scenario, in which no member of a community chooses a

dominant action. We may think the choice to obtain more education or take

beneficial health measures. In one scenario, multiple people in a neighboring

community take the better action (that is not adopted in the home commu-

nity) and provide highly visible information about the superior outcomes to

the home community. In the other scenario, a single community member

who is centrally located in the social characteristic space is subsidized to

experiment with the new action. We show that the action of a single but

central community member can be a more powerful force for change than

numerous visible actions by people that the community perceives to be “not

like us.”

now, 1991), (Otto, Eichenbaum, Wible, and Wiener, 1991), (Morris, Davis, and Butcher,
1990), (Bear, 1996)
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We then consider two applications of our framework: the effects of crisis

experiences (such as the COVID pandemic) on information processing and

choice behavior, and the advent of social networks on information diffusion

and extremism.

Crisis experiences are characterized by large shocks to the payoffs of vari-

ous activities, such as education and certain types of jobs. We show that these

shocks can result in permanent shifts in actions (including positive actions

such as pursuing more education) even when attempts to change behavior

with information campaigns fail to generate such shifts. Starting again from

a setting where everybody in a community chooses the lower-payoff action,

e. g., does not pursue college education, we allow the crisis shock to affect

the payoff to all actions (e. g., the earnings of both college- and not college-

educated workers) to be affected negatively. The outcome that resonates

with members of the community, however, is the low payoff realizations to

the known action. As a result of that observation, experimenting with a

different action has lower cost. While slow adoption of higher-payoff ed-

ucational and career path can also result from informational frictions, the

pattern of social change that results from information resonance is qualita-

tively different and exhibits realistic features of social, political, and ethnic

fractionalization.

Finally, we explore the effect of social media, which relaxes geographic

constraints on information access. Before social media, someone could only

observe their neighbors’ experiences. Now, they can connect with anyone.
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This creates more information for all. However, it is particularly powerful

for people in minorities or with extreme social characteristics. Before, they

would have found few geographically close people like them to learn from.

They would have been forced to learn from more centrist members of their

community. With the advent of social media, they can weight similar extreme

people more, and put correspondingly less weight on the actions of their

physical community or on the advice of outside experts.

In fact, while much of the prior literature on the effect of social networks

aims to “control for” selection into specific networks, to distinguish selection

and treatment effects, our model implies that the selection is front and center

of their role. People join social networks because those spaces are populated

by people with a high degree of similarity, whose opinions and experiences

they are likely to value. Our theory puts selection front and center. It is the

characteristics that create the community and drive the exchange of infor-

mation. We can see the positive effects on members of marginalized minority

groups. And we can see the negative effects on fostering extremism, which

recent events like the spread of election fraud myths and vaccine misinforma-

tion have brought to the forefront of public debate. (Cf. Kuchler, Li, Peng,

Stroebel, and Zhou (2020) and Bailey, Cao, Kuchler, and Stroebel (2018)

whose evidence illuminates the various ways in which online communities

influence beliefs and decisions.) Section 2.6 explores how our insights change

the way one approaches measurement.

The mathematical distance between our model and others is not very
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far. We adapt standard tools from diffusion and social networks to formally

represent information resonance, with a different measure of distance leading

to a different information weighting scheme. Despite this formal similarity,

adopting the lens of information resonance, instead of information access,

is an important shift in thinking. In most cases, people do not need more

information, they need information that speaks to them in an emotionally

meaningful way. Our model suggests that policies that rely on simply pro-

viding information will fail. Information and personal experiences need to

be conveyed by people who resonate with their communities. This change

in focus, from information access to information resonance, could greatly en-

hance the effectiveness of a broad array of economic and social policies. This

simple change of focus could also change the way we think of idea diffusion

and the process of economic progress.

Related literature Work on experiential learning has highlighted the im-

portance of one’s own experiences in shaping beliefs and economic decisions

(e.g., (Malmendier and Nagel, 2011), (Malmendier and Nagel, 2016)) or the

historical experience of one’s family (Boerma and Karabarbounis, 2017).

Theories of belief scarring show that when we learn from our collective expe-

riences, transitory but extreme outcomes can have long-lived effects on aggre-

gate outcomes (Kozlowski, Veldkamp, and Venkateswaran, 2020). Inbetween

these polar cases, cities or metropolitan areas have beliefs that evolve dif-

ferently because of their different experiences (Chodorow-Reich, Guren, and
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McQuade, 2021). In other theories, information diffuses from one county to

an adjacent county (Fogli and Veldkamp, 2010; Burnside, Eichenbaum, and

Rebelo, 2016). Our work complements work on geographic heterogeneity by

focusing on social characteristics of a household.

Our approach is related to work on spatial diffusion of technology (Comin,

Dmitriev, and Rossi-Hansberg, 2013), and the evidence on ideas spreading

from one farm to an adjacent farm in developing countries (Conley and Udry,

2010; Munshi, 2004). Instead of a technology spreading, we consider infor-

mation about the returns to college, to entrepreneurship, or the pathway to a

new career spreading among community members, and substitute geographic

distance with broader notions of social distance.

The idea of information diffusion among communities traces back more

than half a century:

While mass media play a major role in alerting individuals to the

possibility of an innovation, it seems to be personal contact that

is most relevant in leading to its adoption. Thus, the diffusion of

an innovation becomes a process formally akin to the spread of

an infectious disease (Arrow, 1969).

In our setting, contact does not “infect” someone with a belief (as in Burn-

side, Eichenbaum, and Rebelo (2016)). Instead, an accumulation of evi-

dence changes their opinion. This social learning is similar to the technology

diffusion in Young (2009). However, instead of using a “mean-field” ap-

proach where an individual encounters everyone else with equal probability,
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we adopt a social distance approach, where everyone’s experience is observed

and weighted, according to their social proximity.

While the neighborhood-based cost functions of Hebert and Woodford

(2020) sound similar, their focus is on how difficult it is to tell apart two

states of the same world, that might lie in the same neighborhood, in event

space. In contrast, we have a standard treatment of states of the world and

focus instead on the characteristics of one’s information sources.

Work on how information is transmitted is related to a sociology litera-

ture led by Granovetter (1973). A good example of information transmission

along ethnic channels arises in a classic case study of Vietnamese nail sa-

lons. Workers passed knowledge of how to enter and succeed in this business

to others who shared their ethnicity (Federman, Harrington, and Krynski,

2006). Our work proposes a particular modeling structure that provides a

lens through which to interpret these studies.

In micro theory, our work touches on these in the literature on active

experimentation (Bergemann and Välimäki, 2000). The difference is that one

learns not only from pulling the bandit’s lever one’s self. People also learn

from seeing the outcomes of others nearby in characteristic space. They can

also free ride on others to produce relevant information for them to learn

from.
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1 Model

Our goal is to develop a framework and measure that captures the idea of

learning based on social proximity, in as simple a way as possible. At the

same time, we build in the potential for standard information frictions as

well, so that we can compare and contrast our new idea with the existing

ones about access to information, and some outcomes being unobservable.

The main ingredients of the model we propose are

1. Agents are uncertain about the distribution of a payoff-relevant shock.

2. Agents learn from observing experiences (action-payoff pairs) of other

agents in the economy (including their own).

3. Agents with heterogeneous characteristics θ weight the information that

comes from others with nearby characteristics more heavily.

Further, in order to compare our mechanism with traditional economic mech-

anism, we add one ingredient, variation in the access to information, that we

can turn on or off:

4. There is a probability p ∈ [0, 1] of observing an agent in each period,

independent of characteristics.

Or, alternatively:

4′. The probability p of observing an agent depends on information fric-

tions (e. g., due to language or geographic distance) but is independent

of other characteristics in θ.
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Payoffs. Each agent i ∈ {1, . . . , N} chooses one of two actions a ∈ {0, 1},

which generate a fixed, unknown payoff za. Agents have priors za ∼ N(µa, σ
2
a).

Agents know the payoff distributions for both actions and, at time t, choose

action ait to maximize

U(ait) = E[za + τait + εit − ca|Iit] (1)

where ca is the cost of action a ∈ {0, 1}; τait is a subsidy (or tax) i receives

at time t to take action a, which could be affected by government policy;

and εit
iid∼ N(0, σ2

ε ) is the unlearnable random part of payoff that is time- and

individual-specific. Without the unlearnable payoff shock, one observation of

an action-payoff pair would reveal exactly what the payoff za is for a chosen

action. The random payoff εit is what makes learning a gradual process.

Information sets. If agent i takes the action ait = a, each agent j 6= i

sees their action and payoff outcome, with an observation probability Ψi. Let

the realization ψjit = 1 if j observes i in period t, Pr[ψjit = 1] = Ψi. That

is, in our baseline case, the probability of observing an outcome is specific

to the individual i taking the action (the “model” in social-learning theory).

One could also make the observation probability Ψ specific to the (i, j) pair.

This representation might capture the idea that a large geographic distance

between agents i and j might reduce the probability that they observe each

others’ actions and outcomes.

Since za + εait is the only unknown part of the payoff, all agents can infer
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what that sum is. Thus, everyone who observes i’s action ait observes the

signal z0 + ε0it, if agent i took action 0 at time t, and observes z1 + ε1it, if

agent i took action 1 at time t.

In our baseline setting, every agent can potentially see every action-

outcome pair. They just weight each signal differently. Agent i weights

the signal about the payoff of her own action ait with weight ωii. Agent j,

who sees the same information, gives it weight ωji. Belief updating takes the

form:

E[za|Iit] = V ar[za|Iit]

{
σ−2a µa +

N∑
j=1

t∑
t′=1

ψijt′1ajt′=aωij(za + εajt)
′

}
(2)

and

V ar[za|Iit] =

(
σ−2a +

N∑
j=1

t∑
t′=1

ψijt′1ajt′=aωij

)−1
(3)

The numerator of the expectation in the curly brackets in (2) consists of the

prior plus a double-summation over four factors: The first, ψijt′ , is one if

i observes j at date t′. Otherwise, if j’s action-outcome pair was not seen

by i at time t′, ψijt′ is zero. The second term, 1ajt′=a, is one if the person

being observed, j, took the action a in question at time t′. If not, then seeing

j teaches us nothing about the payoff za. These first two terms represent

standard incomplete information assumptions.

The third term is the piece that is new to our theory. It is the weight

someone puts on the observed experience of another person. In standard

Bayesian learning models, the prior and each signal are typically weighted
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by their precision, the inverse of their variance, and divided by the sum

of precisions, to get a weighted average. In our “neurologically realistic”

Bayesian model, the conditional expectation is still a weighted average, but

the agent weights each signal by ω. As we will specify below, this term allows

us to account for agents giving less weight to information that comes from

sources who are dissimilar. The fourth and final term in the expectation is

the signal za + εajt′ , the noisy information transmitted about the payoff to

action a.

Belief weights and characteristics. For an observer i, different obser-

vations have different relevance. When i observes j, the weight i places on

that observation, ωij, depends on the distance between the characteristics θi

of the observer and the characteristics θj of the person who took the action.

Then, if i observes j’s actions,

ωij = (2− 2Φ(χ||θi, θj||))︸ ︷︷ ︸ ·σ−2ε (4)

= ρij ·σ−2ε , (5)

where ||θi, θj|| is the Euclidean distance between agents’ characteristics θi

and θj. The multiplicative term χ allows us to consider different scenarios

of agents weighting own versus other experiences more or less, as we discuss

in more detail below. The Normal cumulative distribution function Φ equals

1/2 at 0, and hence the expression 2 − 2Φ(·) takes on a value of 1 at zero
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and then declines quickly towards zero. These terms define the resonance, or

relevance, ρij that a signal coming from j has for observer i.

We scale the resonance weight ρ with the (true) accuracy of the signal,

σ−2ε , to reflect the idea that agents will not weight signals that have no

information content at all. Thus, the overall weight ωij is the product of the

resonance weight ρij and the precision weight σ−2ε .

What do we mean to capture with the “characteristic θ”? As discussed

in the introduction in the context of social-learning theory, a characteristic

could be gender, familiarity, race, or distance in a social network. We could

also think of religion, political affiliation, or socio-economic status. The idea

is that people identify with, and internalize, the experiences of others who

are like them or socially connected to them. A characteristic could also be

the time at which the data point was observed. This would discount older

data. These types of characteristics could all feed into information resonance.

What θ should not capture is access to information. Some characteristics

might, however, also determine access. For example, language, geographic

location, and socio-economic status can determine the set of people they

can observe. If this is the case, we capture the informational friction via the

information access probability Ψ being a function of the respective dimension,

as laid out under model assumption 4′.

A rational interpretation. Characteristics could be loadings on payoff fac-

tors such that the distance metric ωij reflects the extent to which i’s outcomes

covary with j’s. In that case, our model would capture rational econometric
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learning, with a known covariance structure of outcomes across the popula-

tion. The weight on a piece of information about another agent’s experience

would then be covariance, divided by variance, which is a standard ordinary

least squares regression coefficient. The belief formation rule (2) would be-

come an ordinary least squares forecast, given all observed information. The

variable θj can be a vector that includes any or all of these characteristics.

Learning mechanism. The idea of experiential learning is that people

learn from their own experiences and those of others in their community, to

whom they feel (socially) close.

Our model of resonant information can nest other popular versions of in-

formation diffusion. At one end of the spectrum, our model allows for people

place zero weight on anyone’s experience other than their own, namely, when

χ becomes very large. Only personal experiences in the sense of the payoff

realizations resulting from own action choices affect beliefs. At the other

end of the spectrum, χ = 0 represents the scenario where people learn from

everyone’s experience collectively, without discounting anyone’s information.

There is no relationship between social distance and information weights.

The χ = 0 scenario can also accommodate (geographically) local learning

from neighbors if we allows for the observation probability Ψij to be a func-

tion of the physical distance between i and j. In this view of the world, all

information that is observed is weighted by its precision. Geography simply

limits what is observed.
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Dynastic learning is also encapsulated by this framework. The character-

istic space would include only whether one is a member of the same family,

or not. If θ = 1 for family members and θ = 0 for all non-family members,

then for χ very large, learning is dynastic. People learn only from the past

experiences of their own family members.

Information resonance helps to remedy a perpetual problem with Bayesian

updating. In a standard Bayesian updating problem, a small amount of in-

formation will correct beliefs very quickly. Since all agents give full weight to

all observations, a few realizations can induce quick convergence in posteri-

ors. This is problematic because real people do not learn this efficiently. One

advantage of weighting information by its resonance is to make information

effectively scarce. People see lots of outcomes; but much of what they see

does not resonate, and is therefore largely ignored. That slows changes in

community behavior in a realistic way.

Equilibrium Everyone acts simultaneously in every period, knowing the

outcomes of the previous periods. Agents maximize expected utility as speci-

fied in (1). They update their prior of the unknown payoffs za for each action

a using Bayes’ rule as spelled out in equations (2) and (3), with weights ωij

as defined in (4)-(5).

Note that our agents are myopic. When they choose an action, they are

not considering how much information that action will generate to enable

better decision making for themselves or for others in the next period. The
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sort of active experimentation that we rule out here would greatly compli-

cate the analysis, would obscure the main mechanism and would likely have

minimal effect on results because of a free rider problem: When everyone

can see actions of many others, the incentive is to let others incur the cost

of experimentation and learn from their results.

2 Baseline Results

We start from contrasting the essential difference between “information res-

onance” and the traditional emphasis on “information frictions,” or access

to information, studied extensively in many contexts. Information frictions

prevent people from obtaining, or observing, information. Information reso-

nance captures how people weight the information they see. Some informa-

tion affects us much more: the horrible act committed on a child that looks

just like one’s own, the tragedy experienced by a close friend, or the victory

achieved by someone in a similar position, that you can envision being you

the next time around. These events imprint themselves in our psyche and

come to mind when making relevant decisions. They are not more known,

but we weight them more than other, equally informative but less resonant

events. The set of results that follow explore the difference between informa-

tion frictions and information resonance.

We start by sketching the simulation procedure (in Section 2.1) and by

contrasting proximity in geographical space versus social space (in Section
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2.2), and then illustrate the basic insight emerging from information reso-

nance: Belief updating and the speed of learning depends not only on in-

dividuals’ access to information or lack thereof (information asymmetries),

but on how people weigh the information they have access to. Section 2.3

illustrates how a significant expansion of available information will do lit-

tle in altering people’s belief if they reflect the experiences of others who

socially distant. Next we use the framework to interpret two recent phenom-

ena: crises and a moment of community re-invention (Section 2.4), and the

declining role of expertise as social media spread (Section 2.5).

2.1 Parameter Choices and Procedure

We choose parameters, without any attempt to match realistic values. These

are numerical examples designed not to measure any effect, but simply to

illustrate the qualitative mechanics of this mechanism.

The parameters we use are as follows: We choose actions a ∈ {0, 1} with

payoffs z0 = 5 and z1 = 10. The costs to these actions are c0 = 0 and

c1 = 1. However, the individual random shock to payoffs are very noisy, with

εait ∼ N(0, 100) for both actions a, independently drawn for actions, agents,

and time. Thus, in the absence of taxes or subsidies the total payoff to

actions, net of action costs are: Action 0 has payoff z0 + εit− c0 ∼ N(5, 100).

Action 1 has cost z1 + εit − c1 ∼ N(9, 100). That is, action 1 is the better

(higher expected payoff) action, also net of action costs. If agents knew the

true value of z0 and z1, they would maximize their utility, as specified in (1),
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by choosing action 1.

Prior beliefs about each of the action payoffs are as follows: Action 0

is believe to have payoffs N(3, 10), meaning that an agent has prior belief

that E[z0] = 3, with prior variance 10. And prior beliefs for action 1 are

z1 ∼ N(1, 10). So agents believe that action 0 is superior, when in truth, it

is not. The action costs and subsidies are known to all agents.

Agents update their beliefs according to (2) and (3), where the probability

of agent j observing agent i at time t, Pr[ψjit = 1] is initially set to 0.2 for all

agents at all times, Ψ = 0.2. In other words, all action-outcome pairs have a

20% change of being observed by any given other agent. Finally, to calculate

the belief weight ωij that agent i assigns to information learned from agent j,

as definied in (4), we consider social characteristics θ = (v, w)′, with v and w

independently drawn for each agent. We will start from normal distributions

v ∼ N(10, 5) independent of w ∼ N(10, 5). The distance between any two

vectors θi and θj is transformed by parameter χ = 0.2.

For our simulations, we consider a set of 400 agents, located on a 20× 20

grid. One node is placed at each vertex of the 20 × 20 lattice, and charac-

terized by the 4-tuple of two geographic coordinates (x- and y-axis) and two

social coordinates (v and w). Our default choice of distance transformation

parameter χ implies that nodes that are 1 space away on the gride have a

distance of 0.2.

The simulations below differ only in their initial conditions, including the

distribution of characteristics (uniform or normal), the presence of taxes (or
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subsidies), and in one case, the presence of an initial shock. What they all

share in common is the following procedure:

1. Assign each node a geographic location (x, y), and create a matrix

where each node has a row and column that represent its physical

location on a two-dimensional plane. This implies that the geographic

distribution is uniform.

2. Draw social coordinates (v, w) for each of these nodes. To achieve an

even distribution of characteristics, Figures 1 and 2 draw (v, w) from

the two-dimensional integers [0, 0], [20, 20], without replacement.

3. Given these initial conditions, each agent chooses the action with higher

expected payoff.

4. Draw random payoff shocks (εit) for each chosen action.

5. Allow agents to observe all the total payoffs za+ εit− ca for each action

that was chosen by another agent, in the set of visible actions. Then,

add this new data to every agents’ data set and update each agent’s

beliefs, according to the belief updating rule in (2).

We repeat this procedure for 20 periods, and repeat the entire simulation,

starting from the date-0 initial conditions, ten times. For each node at each

date, we report (and illustrate graphically) the fraction of simulations in

which that node chose action 1. This averaging of results allows to smooth

out some of the randomness of a particular simulation.
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More details on the simulation procedure for each set of results are in

Appendix B.

2.2 Information Diffusion

One key difference between our model and other theories of information dif-

fusion is that, in our model, information does not diffuse geographically. It

diffuses along community lines. While the process of diffusion is similar, the

observable data looks quite different.

To illustrate why and how resonance-based learning generates different

observable data, we consider a particular diffusion simulation, plotted in two

different ways.

Geographic space at t = 0, 5, 10:

Characteristic space at t = 0, 5, 10:

Figure 1: Negative payoff shocks to both actions switch agents to action 1.
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Figure 1 plots a diffusion process that results from our model. We rele-

gate some of the details regarding the underlying realizations to Section 2.4.

For now, all that matters is that the top row of panels and the bottom three

panels represent the same result in two different ways: in geographic space

versus characteristic space. That is, in the top row, all 400 agents are sorted

along the x- and y-axes that represent their geographic location. In the bot-

tom row, instead, they are sorted a long the v- and w-axes, which represent

their social characteristics.

We illustrate the choice of action 0 in black, and the choice of action 1 in

white. If the fraction of times an agent choose action 1 (across simulations)

lies between 0 and 1, we choose shades of grey accordingly. For example,

the leftmost panel in both rows is entirely black, illustrating that all agents

choose action 0 in all simulations of period 0. This precisely the outcome

intended as the starting point of our illustrations when we set the parameters

such that all agents believe action 0 to be superior (E[z0] = 3 > E[z1] = 1),

even more so after netting out the costs c0 = 0 and c1 = 1. As a result,

there is no opportunity of learning and incentive for agents to switch even

though, in truth, E[z0 + εit− c0] = 5 < E[z1 + εit− c1] =] = 9 per our default

assumptions.

We then consider the scenario that, at the start of the first period, un-

known to the agents, payoffs suffer a one-time, permanent payoff shock, low-

ering z0 − c0 from 5 to 1 and z1 − c1 from 9 to 5. In response, some agents

are willing to switch to action 1.
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The top row shows how learning about the higher-payoff action 1 spreads

across geographic space. We see that, by period 5, four agents have started

choosing action 1, and by period 10 all agents have chosen action 1 at least

in some period. While it is always possibile to have a simulation with many

negative payoff shocks such that no agents switch to action 1, the light grey

colors of squares tells us that this happens very infrequently. Importantly,

notice that the four initial switchers are not located nearby. And the jumble

of colors in the rightmost panel indicates that adjacent people may transition

from action 0 to action 1 at very different rates. An economist looking at

this data would not see any geographic patters and might well conclude that

no diffusion is at work. Instead, this looks like a sequence of independent

shocks.

Of course, the differences in transition speed and the seeming lack of local

diffusion arise because people have different social characteristics. If, instead

of plotting people according to their geographic location, we now organize

them according to their characteristics, the pattern becomes clear. One node,

with characteristics in the bottom left of the plot initially switches from ac-

tion 0 to action 1 at random (given her random payoff realization z0+ε0i,t=1 in

period 1). Three nodes with similar characteristics quickly follow suit. Then,

as others with nearby characteristics (i. e., those in close social proximity) ob-

serve the actions and payoffs of others they identify with, that information

resonates and causes then to change actions as well. The bottom row of pan-

els looks like a classic diffusion model. But to see this classic diffusion, one
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needs to understand that information only gets incorporated if it resonates.

Understanding the nature of resonance leads one to use a different notion of

distance, a new topology, based on distance in characteristic space.

The following subsection explores the diffusion of a new action, repre-

sented in characteristic space. -

2.3 Information Resonance vs. Information Frictions

We now illustrate the basic insight emerging from our learning mechanism:

the differing influences of “access to information,” which is at the core of

many traditional learning models, versus “social proximity” (information res-

onance) to the underlying realizations.

We denote someone whom many people feel socially close to a ‘role model.’

Their actions and experiences resonate with many people. That is, others

put significant weight on and thus learn from the information provided by

role models. We contrast the role model with a person about whose action

and experiences many people are informed about, which we dub a ‘celebrity.’

The contrast between the influence of role models versus celebrities mirrors

the difference between the effect of “social proximity” (information reso-

nance) versus “access to information” that we would like to illustrate. For

example, we saw during the COVID pandemic that famous people recom-

mending vaccines did not necessarily work. The fact that many other people

in the country got vaccines with no adverse effects also seemed to have lit-

tle influence. However, having a local leader, like a priest or community
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doctor, recommend the same action was more effective. Examples of such

local influence abound in the popular press, from the role of rabbis among

ultra-orthodox Jews in Israel, Aboriginal health organizations in Australia,

to local leaders in the rural areas in the U.S., Union leaders in Harlem, and

descendants of participants in the Tuskegee study in Alabama.4 Story af-

ter story spells out how, when local leaders provide resonant information

and model pro-vaccination behavior, this influences a segment of the popu-

lation that had heard, but did not internalize other pro-vaccine information.

The effectiveness of information originating from community members is so

widely recognized that it shows up as a key strategy in the Center for Disease

Control’s official Vaccination Field Guide.5

4NPR reported about the efforts of to “keep an open line of communication with recal-
citrant rabbis ... knowing they would have the most influence to convince their followers
to get vaccinated,” and the ultimate success of this approach: “The rabbis agreed to be
vaccinated — and their adherents followed suit” (April 22, 2021). The Australian ABC
Network describes how “the knowledge and trust Aboriginal health organizations had with
local communities was another reason for Victoria’s success” in convincing the Aboriginal
population, in particular by “re-framing government messaging for local communities”
(August 19, 2021). As for the U.S., the PR Newswire explains, “With the dispropor-
tionate impact of the pandemic in rural areas across the country, it’s critically important
that Americans in rural communities hear these powerful stories from each other, their
neighbors” (October 19, 2021). The Villager report that “Union leaders receive COVID-19
vaccine in Harlem, hoping to inspire others to do the same” (February 27, 2021). And
the New York Times attributes the narrowed vaccination gap between Black and other
racial groups to “decisions made in many states to send familiar faces to knock on doors
and dispel myths about the vaccines’ effectiveness,” such as the case of a store owner and
county commissioner in Panola, a small rural town near the Mississippi border, who “led
the effort to vaccinate nearly all of her majority Black community,” and pro-vaccination
campaigns including descendants of participants in the Tuskegee study (October 13, 2021).

5www.ccbh.net/wp-content/uploads/2021/09/Field-Guide_CDC_Final_2021.pdf
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Figure 2: Transitions inspired by local leaders (top) vs. transitions inspired

by a neighboring community (bottom). Black dots represent choice of action 0.

White dots represent action 1. Darker shades represent a larger fraction of simulations

that result in action 0 being chosen. Left plots are initial conditions, middle are t = 10,

right figures represent actions at t = 20. All are plotted in characteristic space.

Simulation details. To contrast the effectiveness of local leaders, we start

from a simulation. As in our baseline setting, we assume that action 1 yields a

higher average payoff than action 0, z0t−c0 < z1t−c1, but that a community

of agents initially starts with a lower expected value of action 1, E[z0 −

c0|Ii0] >> E[z1−c1|Ii0]. (For the exact parameter choices see Appendix B.1.)

This situation could arise because historically, in communities where action

1 generated a chance negative outcome early on, members chose not to take

that action. In the COVID example, communities scarred by past negative
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experiences might not trust the government and medical institutions and

therefore refuse a medical interventation (vaccination) advertised by those

institutions (cf. famously the Tuskegee example). In such a community, all

agents are rationally stuck with low beliefs about this more desirable action.6

Building on these initial assumptions, we consider two scenarios that aim

to contrast the role of a community leader with highly visible (but not social

close) information provision.

In the first set of simulations, we consider the effect of a single centrally-

located local leader who takes the higher-payoff action. We use the standard

simulation procedure defined above, except that, as an initial condition, we

give one local leader a subsidy to change actions. The simulation results are

shown in the top row of Figure 2, separately for t = 1, t = 10, and t = 20.

We see the local leader’s choice of action 1 as the white dot in the first plot,

located centrally in the characteristic space.

In the second set of simulations, shown in the second row of plots, we

remove the subsidized local leader but add highly visible, though socially

more distant information about action 1. Specifically, we add a group of

agents on top of the 20x20 grid, with an additional set of three empty rows

in between. These agents are socially more distant, albeit highly visible to

the community given their number. In this simulation, everyone is visible

(ψij = 1, ∀i, j). Like the local leader in the first simulation, they choose

6Similar results arise if agents were uncertain about the payoffs from action 1 and risk
averse.
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action 1, this time because they are not subject to the distorted prior of the

20x20 community but know that action 1 has the higher payoff. Their prior

belief is that z1 − c1 ∼ N(9, 10), i. e., is on average correct. Everyone else in

the community, including the local leader from the previous example, starts

with the standard beliefs and no subsidies. The simulation procedure is the

standard one. As a result, all members of the core community, choose action

0, seen as the uniform black box at t = 0 on the bottom left panel.

Comparing scenario 1 and scenario 2, notice that the neighboring agents

in the second set of simulations offer substantially more access to information

about action 1 than the local leader does: They produce 20 visible signals

about the superior payoffs of action 1, in every period. However, as the

middle panels (from t = 10) and the rightmost panels (from t = 20) reveal,

this information does not disseminate as fast as coming from the neighboring

agents ad that coming from the local leader. The reason is, of course, that

information coming from sources with distant characteristics do not resonate

with the community. The community members put less weight on such in-

formation when deciding about their own action, and thus respond fairly

slowly.

In contrast, the single source of resonant information switches the most

nodes from black (action 0 for sure) to light shades (higher probability of

action 1). Because the leader’s characteristic similarity leads others to put

more weight on their experience, getting the one local leader to switch ac-

tions brings about faster learning and a faster change in actions from the
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community. This illustrates the power of resonant information and contrasts

it with access to abundant information that does not resonate with a given

community.

How many distant examples are equivalent to the example of one local leader?

Turning from the specific numerical example in our simulation to the more

general point about the power of local leaders, we consider a theoretical

exercise with general parameters. Consider a community where members’

characteristics are evenly spaced on an n×n grid. All actions are fully visible

(Ψ = 1). Initially, at time t = 0, every agent in the community chooses action

0. Since action 0 has been chosen many times in the past, beliefs about action

0 are precise (V [z0|I0] small). Now consider two alternative scenarios:

At date t = 1, either

1. A local leader, located in characteristic space at (bn/2e, bn/2e) takes

action 1, where b·e represents rounding to the nearest integer; or

2. J̃ adjacent neighbors, each γ > 1 spaces away from the nearest com-

munity member, in characteristic space, all take action 1.

Define the weight that the community members closest to the local leader

put on the local leader’s experience as ωll. Similarly, denote the weight that

the community members closest to the neighboring community members put

on the experience of such neighbor as ωn.

Proposition 1. In order to have an equal probability of getting the nearest

community member to switch to choosing a = 1 at date t = 2, as one local
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leader in scenario 1, it requires J̃ neighbors in scenario 2, where J̃ solves

Q1J̃ +Q2J̃
1/2 +Q3 = 0,

with Q1 = ωn(E[z0|I0]−z1), Q3 = σ−21 (E[z0|I0]−µ1), and Q2 = (ωn/ωll)Q3−

Q1.

This result teaches us that there are two effects to consider when compar-

ing a single local leader to many distant experts. The first effect is that the

local leader resonates more. The resonance of the neighboring nodes can be

seen in the Q1 term, where the difference between beliefs about the benefits

of action 0 and the average realization of payoff to action 1, E[z0|I0] − z1,

is weighted by the information weight of the neighbor. The J̃ signals from

the more distant agents each convey, on average, that the payoff to action

1 is higher, by the amount (z1 − E[z0|I0]), weighted with ωn. The higher

resonance of the local leader shows up as a lower value of ωn/ωll.

If the relative weights were the only effect at work, the result would be

that J̃ = ωll/ωn > 1. In other words, if a local leader resonated twice as

much, then there would need to be twice as many neighboring examples to

achieve an equivalent degree of persuasion.

The second effect, and the reason the answer is not that simple, is that

having multiple observations from highly visible (albeit socially distant) in-

formation providers achieves something like a central limit theorem effect.

Each observation of a person’s experience has individual-specific noise, with
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variance σ2
ε . The noise of the sum of J̃ neighbor’s experiences has standard

deviation J̃1/2σε. In our adapted information weighting scheme, this shows

up as J̃1/2(ωn/ωll). Thus, the solution incorporates both effects.

Both the theoretical result and the numerical example convey the power

that local leaders, with characteristics that are similar to their communities,

have to inspire a change of behavior in their communities. But they also show

that access to information has a distinct advantage: With more sources of

information, an observer can average out most of the individual-specific noise.

2.4 Crisis as a Time of Re-invention

In this example, we consider the scenario of a significant crisis (think Fi-

nancial Crisis or Covid-19 Pandemic) that affects the payoffs earned from

choosing actions 0 and 1. We illustrate that such an event can shock agents

out of their ‘comfort zone’ and induce them to experiment with changing

their action and ultimately to change actions permanently. Such change can

happen in response to the shock for at least two reasons: The crisis might

provide access to new information; or the crisis makes information resonate

more with agents as it affects other agents who are socially close. While both

channels can be at work (and interact), we illustrate how the characteristic

of the transition and the visible patterns of behavior that result from “more

access” versus “more resonance” are distinct.

We begin by describing the general theoretical underpinnings of this

thought experiment.
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Proposition 2. When no agent in a community chooses action 1 and both

actions suffer a negative payoff shock, an agent in that community is more

likely to choose 1 next period.

The proof is in Appendix A.2. The idea is that, when the payoff to action

0 declines, agents see more negative outcomes associated with action 0. So

their expected payoff E[z0|Iit] declines. Agents get no signals about the

action payoff z1. So their expected payoff of action 1 stays the same. The

relative decline in expected payoff of action 0 makes action 1 more likely to

be chosen.

Simulation details. We return to our baseline assumption that action

1 yields a higher average payoff than action 0, z0t − c0 < z1t − c1, with

z0 = 5 and z1 = 10, costs c0 = 0 and c1 = 1, and individual random

shocks εait ∼ N(0, 100). However, a community of agents initially has a

lower expected value of action 1, with prior beliefs about z0 ∼ N(3, 10), and

prior beliefs about z1 ∼ N(1, 10), and thus E[z0 − c0|Ii0] > E[z1 − c1|Ii0].

(See Appendix A.2 for details.) At the start of the first period, unknown

to the agents, we introduce a one-time, permanent payoff shock. The shock

results in very low payoffs to both actions. We lower z0− c0 from 5 to 1, and

z1 − c1 from 9 to 5. That is the expected return to both actions diminishes

by the same amount.

However, since community members do not take action 1, they do not

see the low payoff of action 1; they only see the low payoff to 0. That new

knowledge lowers the expected utility of 0, and prompts some to switch to

34



action 1. There are heterogeneous shocks to payoffs (εit) that make some

switch, but not others. Figure 1 illustrates this simulation and the transition

that follows, in geographic space and characteristic space.

For example, we might have in mind a situation when the payoffs result-

ing from the preferred action in a community suffer a negative shock – such

as the COVID pandemic or the financial crisis affecting earnings from a type

of job in certain industries (food, hospitality) or depending on educational

attainment (e. g., below college). The same shock might have affected the

alternative action, such as jobs in other industries or in jobs that require col-

lege education. In that sense, models without information resonance would

typically not generate differential updating. Here, however, it is the personal

experience socially close community members that generates the switching

behavior. And once some community members switch, others in the commu-

nity learn from them and there is a quick transition of the whole community

to action 1. They learn that 1 was actually the better action and choose it

going forward.

Turning back to the COVID example, members of communities who tend

to pursue low-skill work and tend to not complete highschool and attend

college (e. g., who see low-skill work as a safe option and higher education as

risky), might fully realize that low-skill income is riskier than they thought

and might be motivated the to acquire more education.
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2.5 Social Networks and the Decline of Experise

The concept of information resonance also speaks to the role of social net-

works, and sheds light on a different aspect than emphasized in prior liter-

ature. Take the example of Facebook. Pre-Facebook, access to information

was constrained by geography. It was hard to learn news about the commu-

nity you grew up in once you moved away, and it was hard to find information

from people “similar to you” if you were not part of the local majority group.

As a result, average information weight was lower because there are not that

many similar people in your neighborhood. Post-Facebook, however, you can

form communities with people from all over. You weight that community in-

formation more, and average information weights increase. At the same time,

the influence of (socially more distant) experts and celebrities declines.

To capture the changing relevance of geography and the endogenous se-

lection into networks in our model, we modify the visibility parameter Ψ. If

agents i and j are close enough to each other in location to communicate, we

set Ψij = 1 (full visibility), as in some of our examples before. Otherwise,

Ψij = 0. Social networks allow agents to change who is visible to them. Since

i’s distance from j is the same as j’s distance from i, this indicator function

is symmetric: Ψij = Ψji.

Simulation details. The agents are distributed uniformly in geographic

space, with one person assigned to each node in a grid. However, while

characteristics were assigned uniformly in the pervious simulations, they are

assigned normally here. The reason for this change is that we want to illus-
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trate the differential impact of social networks on members of the majority

community and those in the majority (“in the tails”), such as ethnic or racial

minorities or political extremists. Specifically, we draw two characteristics

v and w from the distribution N(10, 5). When we plot agents in character-

istics space rather than geographic space, we assign each agent is assigned

to the node with the closest integer value. For example, if an agent draws

(v, w) = (2.7, 9.1), they are assigned to the (3, 10) on the characteristic grid.

In many cases, multiple agents are assigned to the same box. The number

of agents assigned to a box is not visible on the plot, but it is systemati-

cally higher at the center of the grid since many agents draw characteristics

closer to the mean. Around the edges of plots in characteristic space, instead,

there will be many white (empty) boxes indicating cases where no agent drew

characteristics in this space.
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An centrist agent (left) and one with extreme characteristics (right) plotted

(a) in geographic space:

(b) in characteristic space, with geographic information constraints:

(c) in characteristic space, with no information constraint:

Figure 3: Social proximity in geographic and social space. Extreme agents

get far more information flow when geographic constraint is relaxed. Social

proximity to a reference person is represented in warmer colors (yellow tones); social dis-

tance in cooler colors (blue tones). The black frame in Panel (a) represents the geographic

restriction (with Ψ = 1 inside the frame, and Ψ = 0 outside the frame) prior to social

networks. The middle plots in Panel (b) include only geographically nearby agents (those

inside the black frame in Panel (a), i. e., with Ψ = 1), plotted in characteristics space. The

bottom two plots in Panel (c) include both geographically nearby and distant agents.
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Figure 3 illustrates the differential effect of social networks on members

of the majority and the minority groups. In Panel (a) (top row), we plot

community members according to their physical (geographic) location. One

agent lives at each node. Differently from prior figures, we use colors to illus-

trate social proximity relative to a reference person, shown as a black box at

the center of the grid. (Note that the inital location geographic has no partic-

ular significance. We are just examining the 20-by-20 neighborhood around a

given agent’s location.) Warmer (yellow) tones indicate social proximity, and

cooler (blue) tones indicate social distance, and each agent is given a color,

according to their social proximity to the reference point. The variegated

color pattern on the geographic topology represents the fact that social type

and geographic location are not correlated in this example.

The difference between the left and right panels is that the reference agent

in the left panel is central not just geographically, but also socially. This

person has a low social distance to many other nodes, represented by the high

frequency of warmer colors on the top left. The person on the right, instead,

has more extreme, or minority characteristics. Because characteristics are

normally distributed, the density of other agents in the nearby social space

is lower. Extremists see fewer people like them. Most of their geographic

neighbors have a high social distance, represented by the cooler colors on the

right.

Focusing at first on the agents inside the black frame (“pre-Facebook”),

we re-plot all such agents in their respective colors in characteristics space in
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Panel (b) of Figure 3. These panels show the social proximity of observable

community members, i. e., those inside the black frame, both in color and

spatially. They are then weighted according to how resonant their informa-

tion is. The empty (white) boxes are characteristics pairs not represented

by any agent to whom the reference person is connected. Note that, in the

left graph of Panel (b), the reference person remains centrally located also in

characteristics space. This reflects that we picked a socially central person,

akin to the local leader in Section 2.3 before. In the right graph, instead,

the reference person moves to the upper left corner in characteristics space.

This reflects that we picked a socially more isolated, or outlier set of charac-

teristics. Here the reference person has extreme characteristics and is thus

located at the fringe of the social space.

Now let’s turn to the effect of widened communities, due to social net-

works. In Panel (c), we allow the reference node to connect to all agents

from Panel (a), whether inside our outside the black frame. The change can

be interpreted as representing the ability of social media to connect across

large geographic distances. Correspondingly, the bottom two panels show

the social location of all nodes from Panel (a), just in different locations,

representing their social distance from the reference node. Note that some lo-

cations on this plot have multiple nodes, representing multiple agents in that

characteristic space location. Other nodes remain white since no agent has

the corresponding characteristics. Naturally, we now see fewer white boxes.

Relaxing the geographic constraint on information access allows a denser set
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of agents to be observed. This relaxation of the geographic constraint is

meant to represent the way in which social media allows for communication

and community formation, without regard to geographic location.

Social Networks and Social Outliers The stronger reaction of outlier

(minority) communities to changes in information access is a key prediction

that distinguishes our mechanism from information frictions. While relaxing

geographic constraints gives all agents access to more information, the effect

is much stronger for social outliers. These are agents who have scarce ac-

cess to trusted information sources, when their community is geographically

restricted.

Proposition 3. Celebrity actions have more influence on others’ beliefs when

agents are geography-constrained (∂E[za|I]/∂aceleb larger).

The proof is in Appendix A. The idea is that geographic constraints limit

agents’ data points. With fewer relevant data points, each one gets more

weight.

Figure 3 illustrates the logic of this result. This scarce resonant informa-

tion is the large number of white boxes and few warm-colored boxes around

the reference agent in the center-right pane of Figure 3. Giving extrem-

ist agents like the reference agent on the right access to information from

geographically distant but socially proximate agents greatly increases their

resonant-information set (bottom-right panel). For the same reason, it also

greatly decreases the weight they place on information from authorities.
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The difference between the left and right columns of panels in Figure

3 is that the left column agent is socially central. This is someone in the

majority. Since social characteristics are normally distributed, someone near

the average has a high density of socially proximate neighbors. In contrast,

on the right of Figure 3, the reference agent has outlier social characteristics.

Because they are located in the tail of the normal distribution, this agent has

fewer socially proximate neighbors to identify with and learn from. When

social media relaxes the geographic constraint on information access and

allows this agent to observe all nodes, some resonant information sources

(yellow boxes) appear. This person with extreme characteristics will now

place more weight on those resonant sources of information and less weight

on all other information, including reliable and informed authorities.

2.6 Measurement, Identification and Reflection

To be adopted, this idea of resonance will need to be measured, calibrated

and evaluated with empirical evidence. In doing this, many questions about

identification arise that the model can help resolve. One challenge of quan-

tifying local learning is that correlated information and selection can mimic

each other. People in a community might behave similarly because they have

learned from each other and have similar beliefs. Alternatively, they might

also select into a community because of similar behavior, as in models with

social norms, or due to their beliefs.

Another potential issue is Manski (1993)’s reflection problem: It is diffi-
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cult to distinguish how an individual affects a group from the group’s effect

on the individual. The reflection problem is predominantly an issue with

linear in means models; however, Brock and Durlauf (2001) highlights how

in a backward-looking, dynamic linear-in-means model where current behav-

iors are driven by past beliefs the reflection problem does not apply. Given

that our model relies centrally on past experiences, it is unlikely that the

reflection problem would be exhibited.

We build ways to address these measurement problems in to the model.

After estimating the model, one can use it to perform counter-factual ex-

periments, where one person changes actions or some signal noise is high

or low. Demonstrating that localized learning is the dominant effect occur-

ring econometrically allows for it to be incorporated into policy. A person

does not change their action in isolation from their community. Our model

implies that there is social multiplier since individuals will take up optimal

actions demonstrated by their peers and, uniquely, highlights the importance

of targeting community leaders across communities to maximize the social

multiplier with minimal initial change.

3 Conclusion

This paper explores the difference between information access and informa-

tion resonance. We note that in the modern world, with abundant data at

our fingertips, most people do not lack access to information. Instead, they
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need information that speaks to them in a meaningful way. Neuroscience

research suggests that information affects choices when the observer of that

information connects to that information, in an emotional way. Emotional

connections with anothers’ experience is stronger when the observer and the

information provider have similar characteristics.

By formally modeling this phenomenon, we learn about policies that could

be more effective in inducing behavioral change. First, information and per-

sonal experiences need to be conveyed by people who resonate with their

communities. One well-placed local leader may be as effective as many, many

outsiders and expensive advertising. The experiences of that central, trusted

figure will inspire confidence in the information that a shift is actions will

ultimately be beneficial. In contrast, redistribution only temporarily offsets

the lower payoff to the community that chooses the suboptimal action. It

does not solve the underlying problem that this community is stuck in a bad

equilibrium.

Second, unexpected events, like Covid-19, may trigger different reactions

to common economic shocks. When Covid-19 shut schools and businesses,

some communities languished, while others flourished, experimenting with

new paths to success. One reason that communities are economically re-

silient, even in the face of disastrous events like plagues, pogroms or floods,

is that large shocks prompt experimentation. When communities try out new

occupations, new education or self-employment, they observe the results of

these experiences, learn from each other, and may converge on new, better
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ways of earning a living. Policies that encourage people to continue old ac-

tivities may provide important income support in the short term, but may

sabotage community adaptation and long-term progress.

The process of information diffusion governs everything from technologi-

cal adoption, to political attitudes, to financial trading strategies. We raise

the possibility that this diffusion happens not only in geographic space, but in

social characteristic space. This change in focus, from information access to

information resonance, could change the way we organize social science data

for analysis and the way we enact policy to improve our collective well-being.

A unique contribution of these insights and findings is the policy impli-

cation is that policy makers should target community leaders (in distinct

communities) to maximize impact with minimal cost.
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A Proofs

A.1 Proof of Proposition 1

Proposition 1. It requires J̃ neighbors in scenario 2, to have an equal probability of

getting the nearest community member to switch to choosing a1 at date t = 2, as one

local leader in scenario 1, where J̃ solves

Q1J̃ +Q2J̃
1/2 +Q3

where Q1 = ωn(E[z0|I0]− z1), Q3 = σ−21 (E[z0|I0]− µ1), and Q2 = ωn/ωll ·Q3 −Q1.

Proof of Proposition 1:

Probability of switching action in scenario 1: The community members closest to the local

leader have distance 1 on the grid. Therefore, the weight these nearest neighbors put on

the local leader’s experience is

ωll = 2− 2Φ (χ · 1) .

An agent chooses action 1 at time 2 if E[z1|I1] > E[z0|I1]. Using the formula for

expectations (2), we can rewrite this inequality. In scenario 1, where the closest community

member i gets only one signal about z1 from the local leader, the beliefs about z1 at time

1 are the left side of

V [z1|Ii1]
(
σ−21 µ1 + ωll(z1 + ε1,ll)

)
> E[z0|I1].
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According to our belief updating rule, the inverse of the conditional variance is the pre-

cision of the prior plus the resonance weight (which includes the precision) on the new

information: V [z1|Ii1]−1 = σ−21 + ωll. We can rearrange the inequality as

ωll(z1 + ε1,ll) > (σ−21 + ωll)E[z0|I1]− σ−21 µ1.

Since beliefs about z0 are precise, we can approximate E[z0|I1] ≈ E[z0|I0]. This approxi-

mation allows us to ignore the random component in beliefs about the well-known action

z0.

The only random variable in this expression is the signal noise ε1,ll ∼ N(0, σ2
ε ). There-

fore, the probability that the expression holds is given is the normal cumulative density

(cdf)

Pr[ai = 1] = 1− Φ

(
1

ωllσε

[
(σ−21 + ωll)E[z0|I1]− σ−21 µ1 − ωllz1

])
.

Probability of switching action in scenario 2: The community member closest to the the

neighboring community members have a distance γ on the grid. Therefore, the weight this

nearest neighbor puts on the experience of each neighbor is

ωn = 2− 2Φ (χγ) .

In scenario 2, the closest community member gets J̃ signals about action 1, each

with weight ωn. Note that these neighbors must be in an arc, a semicircle or a circle

to be equally distant to the community member. This arrangement is not the same as

the linearly spaced locations illustrated in the figures. In this scenario, the closest agent

chooses action 1 if the belief about z1 on the left side is greater than the right:

V [z1|I ′i1]

σ−21 µ1 + ωn

J̃∑
j=1

(z1 + ε1,j)

 > E[z0|I1].
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According to our belief updating rule, the inverse of the conditional variance is the precision

of the prior plus the sum of resonance weights on all the new information: V [z1|Ii1]−1 =

σ−21 + J̃ωn. We can rearrange this as

ωn

J̃∑
j=1

(z1 + ε1,j) > (σ−21 + J̃ωn)E[z0|I1]− σ−21 µ1.

The only random variables in this expression are the signal noise ε1,j ∼ N(0, σ2
ε ).

What matters is the sum of these independent normal variables. That sum has standard

deviation J̃1/2σε. We use the same approximation of E[z0|I1] ≈ E[z0|I0] as before. There-

fore, the probability that the expression holds is given my the normal cumulative density

(cdf):

Pr[ai = 1] = 1− Φ

(
1

ωnJ̃1/2σε

[
(σ−21 + J̃ωn)E[z0|I0]− σ−21 µ1 − J̃ωnz1

])
.

Finding the number of neighboring signals J̃ that equates the probabilities of switching

actions. The two probabilities are equal if the expressions inside the cdf’s are equal.

Thus, J̃ solves

1

ωllσε

[
(σ−21 + ωll)E[z0|I0]− σ−21 µ1 − ωllz1

]
=

1

ωnJ̃1/2σε

[
(σ−21 + J̃ωn)E[z0|I0]− σ−21 µ1 − J̃ωnz1

]

Simplifying yields the expression in proposition 1.

A.2 Proof of Proposition 2

Proposition 2. When no agents in a community choose action 1, and both actions suffer

a negative payoff shock, an agent is more likely to choose 1 next period.

Proof of Proposition 2:
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Step 1: Action 1 is more likely to be chosen at t than it was at date t− 1, if action 1 looks

equally attractive, but action zero looks worse: E[z1|Iit] = E[z1|Ii,t−1] and E[z0|Iit] <

E[z0|Ii,t−1].

Step 2: If no agents choose action 1, then E[z1|Iit] = E[z1|Ii,t−1].

Step 3: If there is a negative payoff shock to both actions at time t− 1, then, on average

(for an average realization of the payoff shock ε), beliefs about the payoff to action 0 will

be more pessimistic:
∫
E[z0|Ii,t]dΦ(εi,t) < E[z0|Ii,t−1].

To form conditional expectations, we use our belief-formation rule (2):

E[z0|Iit] = V ar[z0|Iit]

σ−20 µ0 +

N∑
j=1

t−1∑
t′=1

ψ̃ij1aj,t−1=a0ωij(z0 + ε0i,t−1)

 .

Since we have assumed that all agents take action 0 at date t − 1, 1aj,t−1=a0 = 1 for all

agents j. Since the mean of ε0i,t−1 = 0, the average realization of this date t belief is

∫ E[z0|Iit]dΦ(εi,t) = V ar[z0|Iit]

σ−20 µ0 +

N∑
j=1

t−1∑
t′=1

ψ̃ijωijz0


 .

This is decreasing in the payoff z0.

A.3 Proof of Proposition 3

Proposition 3. Celebrity outcomes have more influence on others’ beliefs when agents

are geography -constrainted (∂E[za|I]/∂zceleb larger).

Proof of Proposition 3:

Step 1: Derive ∂E[za|I]/∂aceleb without the geographic constraint.

To form conditional expectations, we use our belief-formation rule (2). When an agent as
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access to the geographically-unconstrained information set IUit , with NU regular observa-

tions and 1 observed celebrity action, their beliefs are

E[zk|IUit ] = V ar[zk|IUit ]
{
σ−2k µk + ψ̃i,celeb1aceleb,t=akωi,celeb(zceleb + εceleb,t)

+
∑NU

j=1

∑t
t′=1 ψ̃ij1ajt=akωij(zk + εkit)

}
. (6)

Notice that this is a linear function of the celebrity action payoff, (zceleb + εceleb,t).

The partial derivative ∂E[za|IU ]/∂aceleb is simply the terms that multiply that payoff,

namely, V ar[zk|IUit ]1aceleb,t=akωi,celeb.

Importantly, the conditional variance term at the start of the partial derivative is given

by (3). With NU regular observations and 1 observed celebrity action, the conditional

variance of agent i’s belief is

V ar[zk|IUit ] =

σ−2k + 1aceleb,t=akωi,celeb

NU∑
j=1

t∑
t′=1

1ajt=akωij

−1

Step 2: Derive ∂E[za|I]/∂aceleb with the geographic constraint.

Using the same belief updating rule for an agent who has a geographically-constrained

information set ICit , with NC < NU regular observations and 1 observed celebrity action,

the belief is still Notice that this is a linear function of the celebrity action payoff, (zceleb+

εceleb,t). The partial derivative ∂E[za|IC ]/∂aceleb is simply the terms that multiply that

payoff. In this case, those terms are V ar[zk|ICit ]1aceleb,t=akωi,celeb. Notice that the latter

terms are identical. The only difference in the influence of celebrity actions comes from

the conditional variance. For the geographically-constrained agent, that variance is

V ar[zk|ICit ] =

σ−2k + 1aceleb,t=akωi,celeb

NC∑
j=1

t∑
t′=1

1ajt=akωij

−1 (7)
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Step 3: Compare ∂E[za|I]/∂aceleb in both cases.

The partial derivatives in the two cases differ only by their conditional variances. To

facilitate comparison, consider the conditional precisions, the inverse of the variances:

V ar[zk|IUit ]−1 = σ−2k + 1aceleb,t=akωi,celeb

NU∑
j=1

t∑
t′=1

1ajt=akωij (8)

We can break the sum of NU nodes into the NC nodes that are inside the geographic

constraint and the NU −NC nodes that are not:

V ar[zk|IUit ]−1 = σ−2k + 1aceleb,t=akωi,celeb

NC∑
j=1

t∑
t′=1

1ajt=akωij +

NU∑
j=NC+1

t∑
t′=1

1ajt=akωij (9)

V ar[zk|IUit ]−1 = V ar[zk|ICit ]−1 +

NU∑
j=NC+1

t∑
t′=1

1ajt=akωij (10)

Since the indicator function is non-negative and the weight ωij > 0, we have V ar[zk|IUit ]−1 ≥

V ar[zk|ICit ]−1, with a strict inequality, whenever
∑NU

j=NC+1

∑t
t′=1 1ajt=ak , which means

that at least one agent outside the geographic constraint zone took action k.

Since V ar[zk|IUit ]−1 ≥ V ar[zk|ICit ]−1, V ar[zk|IUit ] ≤ V ar[zk|ICit ]. Since this was

the only term that differed between the derivatives and the other terms were positive,

∂E[za|IC ]/∂aceleb > ∂E[za|IU ]/∂aceleb.

B Simulation Details

There are three sets of simulations in the results section.

B.1 The Power of Role Models (Figure 2)

The true distributions of the action payoffs are z0 ∼ N(5, 100) with cost 0 for action 0,

and z1 ∼ N(10, 100) with cost 1 for action 1. The individual payoff shocks are distributed
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εait ∼ N(0, 100) for both actions, independently drawn for actions, agents, and time. Prior

beliefs about the payoffs are z0 ∼ N(2.5, 10) for action 0, meaning that an agent has prior

belief that E[z0] = 2.5, with prior variance 10; and z1 ∼ N(0, 10) for action 1.

This simulation is run and plotted in characteristic space, not geographic space. The

words location and distance here refer to the location in characteristic space and the

distance between such characteristic locations.

Simulation 1: Every node on the (20 x 20) grid has a type equal to their location. Note

that this implies a uniform distribution of characteristics. Social distance is the Euclidean

distance between nodes/agents on this characteristic grid.

Differently from the baseline setting, there is a local leader in the center, who is given

a subsidy of τ = 5 to switch actions. This local leader is also more visible than other

agents. Instead of θ = 0.2, the local leader has θ = 1. As a result of our parameter

choices, everyone in the 20x20 grid starts with action 0, except for one agent in the center

(local leader) who chooses action 1.

We simulate 20 periods of choices by every agent. Every agent updates beliefs each

period, after observing others’ payoffs. Since random payoff shocks matter greatly for the

evolution path, we simulate 100 times and record the fraction of simulations that result

in action 1 at that location. The plots are a colorbox plot, with only black and white

for colors. The simualtion starts from the 20x20 grid being black, and the 1x20 squares

white. We plot the fraction of simulations where action 1 was taken, for each node at

t = 0, t = 10, t = 20.

Simulation 2: As before, each node’s type is represented by their location, and the grid

is 20x20. In addition, we leave 3 empty box lengths above the grid and then have a row of

20 boxes (a 1x20 row) lying above the rest of the grid. This row represents the neighboring

community. We give the agents in the 1x20 band of neighboring community nodes above

the grid more optimistic prior beliefs about action 1, z1 − c1 ∼ N(9, 10). These beliefs

induce them to all choose action 1, while everyone on the 20x20 grid starts by taking
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action 0 given the parameter choices.

Note that the neighboring community is more visible than the local leader in Simula-

tion 1 because there are twenty neighbors for the community to observe, rather than one

local leader. Whe then simulate and let the agents learn from each other, according to the

belief formation rule.We plot the same type of black and white colorbox plot as before for

t = 0, t = 10, and t = 20.

B.2 Crisis as a Time of Re-Invention (Figure 1)

Start by assigning every agent to a node on an (20 x 20) grid. This represents their location

in characteristic space. In this representation, social distance is the Euclidean distance

between nodes/agents. Then, randomly assign each of these nodes to one geographic

location on a 20× 20 grid as well.

The parameters we use are: Action 0 has payoff z0 = 5, with cost 0; action 1 has

payoff z1 = 10, with cost 1. The individual payoff shocks are distributed εait ∼ N(0, 100)

for both actions, independently drawn for actions, agents and time. Prior beliefs about

each of the action payoffs are: Project 0 N(2.5, 10), meaning that an agent has prior belief

that E[z0] = 2.5, with prior variance 10. Prior beliefs for action 1 are z1 ∼ N(0, 10). With

these parameters, all agents initially choose action 0.

After the initial period, we introduce a negative shock to the payoffs of both actions.

We permanently change z0 from 5 to 3, and change z1 from 10 to 8.

Then, we simulate the choices of all agents for 20 periods, 100 times, and plot the

average action in periods 0, 5 and 10. The same average outcomes are plotted in geographic

space and chacteristic space.
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B.3 Digital Social Networks and the Decline of Ex-

perts (Figure 3)

In this exercise, there are no choices or payoffs, only agents with geographic locations and

characteristics.

Every node should have a 4-tuple of characteristics: 2 geographical coordinates (x and

y-axis) and 2 social coordinates, call those coodinates v and w.

Start by placing one node at each vertex in a 20x20 lattice. There should be 400 nodes

with x and y coordinates [1:1:20]. For each node, assign a random value to v and w, drawn

from a normal distribution: v ∼ N(10, 5) independent of w ∼ N(10, 5), for each of the 400

nodes. These draws are also independent across nodes.

Then choose one reference node at the center: (10, 10) location mneas x = y = 10. Set

this node’s social values to v=w=10. That makes the geographically central node socially

central as well.

The geographic figure is a color box plot where the color of each node is the euclidean

distance between (10,10) and (v,w). So, location is governed by geographic (x,y) and color

is determined by social distance v,w.

The 10x10 box in the center of this plot (around boxes 6-15 on both axes) represent

the set of community members that an individual can communicate with when they are

geographically constrained. The becomes relevant for the results with a digital community.

Next, we take the subset of nodes in that inner 10x10 box and plot them on the 20x20

(v, w) axis. As before, this is a color box grid. There will be lots of empty nodes on this

grid. They show up as white space.

A third color box plot, again on the v,w axis, includes all the 400 original nodes, not

just the ones in the 10x10 box.

Finally, we repeat the same exercise, but make the central node ((x, y) = (10, 10))

have outlier social characteristics. Set v = w = 2. This places that node in the minority

of the social spectrum.
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We construct three more color box plots, following the same procedure as above.

Colors now reference the social distance of nodes from the new (v, w) = (2, 2) reference

point.
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