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Patterns of social influence 
⦙ How are behavior / beliefs influenced 

by “the crowd”?

⦙ Many traditional models of culture 

and norms think in terms of society’s 
influence over the individual.

Relational influence 
⦙ Why does is a particular belief or 

behavior adopted by one person but 
not another?


⦙ Basic insight: we experience more 
influence from those we have an 
existing relationship with.

E.g. flocking behavior 
⦙ Individual sheep’s behavior 

determined by the sheep they are 
next to (spatial network).

https://www.youtube.com/watch?v=tDQw21ntR64
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Relations as ‘pipes’ 
⦙ Behavior, beliefs, taste, etc 

are transmitted ‘through’ 
the edges of a network

Creating similarity 
⦙ Actors generally theorized 

to become more alike as a 
result of network 
transmission


⦙ Norms diffuse through a 
network

Example 
⦙ Midsommar (2019)

⦙ Spoiler alert!

Operationalizing network transmission

!

"
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Real-world social transmission is complex

What is being transmitted? 
⦙ Is it binary? 

e.g. joining an organization, 
contracting a disease  
Count? 
e.g. cigarettes per day  
Categorical? 
e.g. political party 

⦙ Is it time dependent? 
e.g. attending an event 

⦙ Does it change? 
e.g. gossip / rumors

What are the relations? 
⦙ Are edges static relationships 

that lead to a greater likelihood 
of transmission?  
e.g. friendship, time spent together 

⦙ Or do they represent 
interactions/behavior? 
e.g. communication, sexual contact 

⦙ Are edges persistent or 
transient?


⦙ Are relations affected by the 
transmitted object? 
e.g. getting sick, joining an 
organization

There is no one-size-fits-all theory or model 
for network transmission.
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Measure actor attributes at multiple 
time points 
⦙ Behavior, beliefs, etc.

Observe how changes to actor 
attributes relate to network neighbors 
⦙ Do actors look more like their network 

neighbors over time?

⦙ Do attributes cluster in network cliques?

General framework for measuring 
network transmission:

2

1
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Homophily confounds 
causality, an example:
In Scream (1996), did Stu’s friendship with Billy cause 
Stu to become more like Billy?


(Spoiler alert!)
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Story 1: 
⦙ Stu meets Billy 

⦙ Stu is exposed to Billy’s 
murderous tendencies and lack of 
empathy 

⦙ As a result, Stu begins to behave 
more like Billy and joins him in 
murdering townsfolk

Story 2: 
⦙ Stu and Billy share similar 

tastes, styles, senses of 
humor, and lack of respect for 
human life 

⦙ As a result, Stu and Billy hit it 
off and become easy friends


⦙ Also as a result, Stu and Billy 
go on a killing spree

Does the relationship cause the 
behavior? 
Or does existing similarity cause 
the relationship and the behavior?
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Some robust approaches to 
identifying network transmission: 
⦙ Randomly assign network relations 

Bettinger, Liu, and Loeb (2016) 

⦙ Create matched samples on actor characteristics  
Aral, Muchnik, and Sundararajan (2009) 

⦙ Statistical methods to account for relationship 
formation and homophily 
Exponential random graph models  
Stochastic actor-oriented models

Similarity

Relationship

New 
behavior
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Do different network structures lead to 
different transmission patterns?

Mandy (2018) The Wicker Man (1973)
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How do network structures affect diffusion patterns?
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How do network structures affect diffusion patterns?

1Small worlds 2Preferential 
attachment 3Social 

reinforcement

High clustering coefficient 
⦙ Triads tend to be closed 

(high transitivity)

⦙ Tends to lead to distinct clusters

Low average path length 
⦙ Average length of shortest path 

between every pair of actors

⦙ Actors tend not to be very far from 

one another 
(e.g. “six degrees of separation”)

Common structure for 
interpersonal networks

Small-world networks:

Note: this is a highly stylized small-worlds 
network, with extremely distinct clusters
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How do network structures affect diffusion patterns?

1Small worlds 2Preferential 
attachment 3Social 

reinforcement
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How do network structures affect diffusion patterns?

1Small worlds 2Preferential 
attachment 3Social 

reinforcement

Structural 
consequences of 
small-world 
networks 
⦙ Transmission is fast 

within clusters

⦙ Contagions travel 

through bridging nodes

⦙ With immunity/death/

isolation, can lead to 
resilience (motivation 
behind “bubbles”)
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How do network structures affect diffusion patterns?

1Small worlds 2Preferential 
attachment 3Social 

reinforcement

Actors connect to popular 
actors 
⦙ As new actors enter the network, they 

form connections with others who 
have high degree


⦙ “Rich get richer” (cumulative 
advantage)

Leads to “long-tail” degree 
distribution 
⦙ Few high-degree actors, many low-

degree actors

Common structure for online 
networks

Preferential attachment:
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How do network structures affect diffusion patterns?

1Small worlds 2Preferential 
attachment 3Social 

reinforcement
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How do network structures affect diffusion patterns?

1Small worlds 2Preferential 
attachment 3Social 

reinforcement

Structural 
consequences of 
preferential 
attachment 
⦙ Transmission slow to get 

started

⦙ Long chains of influence

⦙ Central nodes have much 

more influence

⦙ Difficult to “go viral,” but 

quick spread afterwards

⦙ Peripheral nodes very 

slow to be affected
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How do network structures affect diffusion patterns?

1Small worlds 2Preferential 
attachment 3Social 

reinforcement

Small-world networks can 
reinforce diffusion 
⦙ With a contagion like a disease, 

clusters saturate quickly and everyone 
in them either dies or gains immunity


⦙ With a behavior like smoking, clusters 
saturate quickly and cultivate 
sustained adoption


⦙ “Complex contagion”: requires 
multiple, persistent exposures for 
transmisson

Behaviors are not viruses:

G. Hunt, A. Miller, T. Olszewski, and P. Wagner for their
suggestions; M. Kosnik and A. Miller for reviews; and
M. Foote for verifying that my subsampling algorithms
were programmed correctly. Numerous contributors to the
Paleobiology Database made this study possible, and
I am particularly grateful to M. Clapham, A. Hendy, and
W. Kiessling for recent contributions. Research described

here was funded by donations from anonymous private
individuals having no connection to it. This is Paleobiology
Database publication 117.

Supporting Online Material
www.sciencemag.org/cgi/content/full/329/5996/1191/DC1
Materials and Methods

Figs. S1 to S9
Tables S1 and S2
References

22 March 2010; accepted 30 June 2010
10.1126/science.1189910

The Spread of Behavior in an Online
Social Network Experiment
Damon Centola

How do social networks affect the spread of behavior? A popular hypothesis states that networks
with many clustered ties and a high degree of separation will be less effective for behavioral
diffusion than networks in which locally redundant ties are rewired to provide shortcuts across the
social space. A competing hypothesis argues that when behaviors require social reinforcement, a
network with more clustering may be more advantageous, even if the network as a whole has a
larger diameter. I investigated the effects of network structure on diffusion by studying the spread
of health behavior through artificially structured online communities. Individual adoption was
much more likely when participants received social reinforcement from multiple neighbors
in the social network. The behavior spread farther and faster across clustered-lattice networks than
across corresponding random networks.

Many behaviors spread through social
contact (1–3). As a result, the network
structure of who is connected to whom

can critically affect the extent to which a behav-
ior diffuses across a population (2–8). There are
two competing hypotheses about how network
structure affects diffusion. The “strength of weak
ties” hypothesis predicts that networks with
many “long ties” (e.g., “small-world” topologies)
will spread a social behavior farther and more
quickly than a network in which ties are highly
clustered (4–6). This hypothesis treats the spread
of behavior as a simple contagion, such as dis-
ease or information: A single contact with an
“infected” individual is usually sufficient to trans-
mit the behavior (2). The power of long ties is
that they reduce the redundancy of the diffusion
process by connecting people whose friends do
not know each other, thereby allowing a behavior
to rapidly spread to other areas of the network
(3–5). The ideal case for this lack of redundancy
is a “random” network, in which, in expectation
for a large population, each of an individual’s
ties reaches out to different neighborhoods (4, 9).
The other hypothesis states that, unlike disease,
social behavior is a complex contagion: People
usually require contact with multiple sources of
“infection” before being convinced to adopt a be-
havior (2). This hypothesis predicts that because
clustered networks have more redundant ties,
which provide social reinforcement for adoption,
they will better promote the diffusion of behav-
iors across large populations (2, 7). Despite the
scientific (6, 7, 10) and practical (1, 2, 11) im-
portance of understanding the spread of behavior

through social networks, an empirical test of
these predictions has not been possible, because
it requires the ability to independently vary the
topological structure of a social network (12).

I tested the effects of network structure on
diffusion using a controlled experimental approach.
I studied the spread of a health behavior through
a network-embedded population by creating an
Internet-based health community, containing 1528
participants recruited from health-interest World
Wide Web sites (13).

Each participant created an anonymous online
profile, including an avatar, a user name, and a set
of health interests. They were then matched with
other participants in the study—referred to as
“health buddies”—as members of an online health
community. Participants could not contact their
health buddies directly, but they could receive
emails from the study informing them of their
health buddies’ activities. To preserve anonymity
and to prevent people from trying to identify

friends whomay have also signed up for the study
(or from trying to contact health buddies outside
the context of the experiment), I blinded the
identifiers that people used. Participants made
decisions about whether or not to adopt a health
behavior based on the adoption patterns of their
health buddies. The health behavior used for this
study was the decision to register for an Internet-
based health forum, which offered access and rat-
ing tools for online health resources (13).

The health forum was not known (or acces-
sible) to anyone except participants in the ex-
periment. This ensured that the only sources of
encouragement that participants had to join the
forumwere the signals that they received from their
health buddies. The forum was populated with ini-
tial ratings to provide content for the early adopters.
However, all subsequent content was contributed
by the participants who joined the forum.

Participants arriving to the study were randomly
assigned to one of two experimental conditions—
a clustered-lattice network and a random network—
that were distinguished only by the topological
structure of the social networks (Fig. 1). In the
clustered-lattice–network condition, there was a
high level of clustering (5, 6, 13) created by re-
dundant ties that linked each node’s neighbors to
one another. The random network condition was
created by rewiring the clustered-lattice network
via a permutation algorithm based on the small-
world–network model (6, 13–15). This ensured
that each node maintained the exact same number
of neighbors as in the clustered network (that is, a
homogeneous degree distribution), while simulta-
neously reducing clustering in the network and
eliminating redundant ties within and between
neighborhoods (4, 6, 14).

The network topologies were created before
the participants arrived, and the participants could

Sloan School of Management, Massachusetts Institute of
Technology, Cambridge, MA 02142, USA. E-mail: dcentola@
mit.edu

Fig. 1. Randomization of
participants to clustered-
lattice and random-
network conditions in a
single trial of this study
(N = 128, Z = 6). In
each condition, the black
node shows the focal
node of a neighborhood
to which an individual is
being assigned, and the
red nodes correspond to
that individual’s neigh-
bors in the network. In
the clustered-lattice net-
work, the red nodes share
neighbors with each other, whereas in the random network they do not. White nodes indicate individuals who
are not connected to the focal node.
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How do network structures affect diffusion patterns?

1Small worlds 2Preferential 
attachment 3Social 

reinforcement

An experiment 
Centola, Damon. 2010. “The Spread of 
Behavior in an Online Social Network 
Experiment.” Science 329 (5996): 1194–97. 
⦙ Online “health buddies” 

website

⦙ Network structure 

randomized as small 
world or random


⦙ Behavior spread faster 
and stayed longer in 
small-world network.
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Image credit
Video by Caters Clips

Screen captures,  
Midsommar (2019)

Screen captures,  Scream 
(1996)

Screen capture,  Mandy 
(2018)

Screen capture,  The 
Wicker Man (1973)

https://www.youtube.com/watch?v=tDQw21ntR64
https://www.imdb.com/title/tt8772262/
https://www.imdb.com/title/tt0117571/
https://www.imdb.com/title/tt6998518/
https://www.imdb.com/title/tt0070917/

