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Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Challenges for Causal Inference

1. Unobserved Heterogeneity (“confounds”)
2 Reciprocal Effects (“feedback loops”)2. Reciprocal Effects ( feedback loops )
3. Network Autocorrelation (“Galton’s Problem”)
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1 Unobserved Heterogeneity1. Unobserved Heterogeneity
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your body weight in fat each year. 

Cornell University

Social Dynamics Laboratory

Pounds of Fat Consumed Annually



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Fast‐food restaurants near campus
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Amaral: Degree Homophily

• Byproduct of network modularity
• Correlation with neighbors’ degree leads toCorrelation with neighbors  degree leads to 
the search for an explanation, when there is 
nothing to explainnothing to explain.

Cornell University
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Does Clustering Facilitate Social Contagion?

A B C

Time 1

Backstrom, Huttenlocher, Kleinberg, Lan, 2006. “Group Formation in Large Social Networks: Membership, 
Growth & Evolution ” Proc 12th ACM SIGKDD Intl Conf on Knowledge Discovery & Data Mining

Cornell University
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Growth, & Evolution,  Proc. 12th ACM SIGKDD Intl. Conf. on Knowledge Discovery & Data Mining.



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Does Clustering Facilitate Social Contagion?

A B C

Time 2
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Does Clustering Facilitate Social Contagion?

A B C

Time 3
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Does Clustering Facilitate Social Contagion?

A B C

Time 4

Cornell University

Social Dynamics Laboratory



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Does Clustering Facilitate Social Contagion?

A B C

Time 5
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Does Clustering Facilitate Social Contagion?

A B C

Time 6
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Does Clustering Facilitate Social Contagion?

A B C

Time 7
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Does Clustering Facilitate Social Contagion?

A B C

Time 8
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Why Do Triangles Matter?

i i
B CB        C

j j

• Van der Leij & Goyal (2006)*: Friends more likely 
than acquaintances to have triads that are closedthan acquaintances to have triads that are closed.

• Stronger ties allow greater influence.

Cornell University

Social Dynamics Laboratory

VD Leij % S Goyal. 2006. “Strong Ties in a Small World.” Working Papers Series AD
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Clustering and Viral Marketing 
• Eagle Macy and Claxton (2011)*• Eagle, Macy, and Claxton (2011)
• Viral marketing of BT voice mail product, 8/05
• Sample of non adopters with 1+ adopter friends• Sample of non‐adopters with 1+ adopter friends
• How does the probability of eventual adoption vary 
with triadic closure controlling for tie strength?with triadic closure, controlling for tie strength?

*N Eagle MMacy R Claxton 2011 “The Length of Weak Ties ” CSES Working Paper

Cornell University

Social Dynamics Laboratory

N Eagle, M Macy, R Claxton, 2011.  The Length of Weak Ties,  CSES Working Paper
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Conclusion

• Controlling for tie strength shows that triad 
closure in Backstrom et al. was not a proxy for p y
the unmeasured effects of tie strength.

Cornell University
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2 Reciprocal Effects2. Reciprocal Effects
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Network Diversity and Economic Development

• Burt (1992): Nodes that bridge between 
clusters have higher remuneration*g

• Does this scale up to communities?**

*Ron Burt, 1992. Structural Holes: The Social Structure of Competition, Harvard Univ. Press
** Eagle, Macy, Claxton, 2010. “Network Diversity and Economic Development,” Science 328: 1029‐31

Cornell University

Social Dynamics Laboratory
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Network Diversity

• Units are communities (N=1992), not 
individuals

• Composite measure of diversity:
– Mean number of structural holes (open triads) in– Mean number of structural holes (open triads) in 
the ego networks of the members

– Mean Shannon entropy in the distribution of callMean Shannon entropy in the distribution of call 
volume across neighbors

Cornell University

Social Dynamics Laboratory
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Economic Development

• UK government index 
– Income
– Employment
– HealthHealth
– Crime 
– Living Environment (air quality traffic accidents– Living Environment (air quality, traffic accidents, 
and central heating)

Cornell University

Social Dynamics Laboratory



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Cornell University

Social Dynamics Laboratory



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Causal Direction?

• Does diversity promote access to resources?
• Or does greater mobility (social orOr does greater mobility (social or 
spatial)select for or promote network 
diversity?diversity?

• Or both (a self‐reinforcing dynamic)?
N d l i di l d i h d• Need longitudinal data, as in the next study…

Cornell University

Social Dynamics Laboratory
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The Spread of Obesity in a Large Social Network over 32 YearsThe Spread of Obesity in a Large Social Network over 32 Years
Nicholas A. Christakis and James H. Fowler, N Engl J Med 2007
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What Causes Clustering of Obesity?

Homophily

Similarity Interaction

Influence

Cornell University

Social Dynamics Laboratory
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Solutions

• Use temporal order to measure feedback
• Gold Standard: laboratory experiments toGold Standard: laboratory experiments to 
control network change
– Centola (2010)*– Centola (2010)
– Found that fitness behavior was contagious
Diffusion depended on local structure– Diffusion depended on local structure

*Damon Centola “The Spread of Behavior in an Online Social Network Experiment ” Science 329: 1194 7

Cornell University

Social Dynamics Laboratory

*Damon Centola, The Spread of Behavior in an Online Social Network Experiment,  Science 329: 1194‐7
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3. Network Autocorrelation
(aka “Galton’s Problem”)*

Cornell University

Social Dynamics Laboratory

*M. Macy and A. Flache, 2009, “Social Dynamics from the Bottom Up,” OHAS, Oxford Univ. Press.
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Edward Tylor, 1832‐1917 Francis Galton, 1822‐1911
1889: Economic causes of

patrilineal  descent.
Tylor’s 350 observations were

not independent; 
could be cultural diffusion
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How Close Was the 2000 Election?

• Gore beat Bush by .5% nationally
• Was it close in Boston Berkeley MadisonWas it close in Boston, Berkeley, Madison, 
Orange County, or Salt Lake City?

• Winning margin greater than• Winning margin greater than 
– 5 points in 90% of all counties
20 i t i 45% f ll ti– 20 points in 45% of all counties

Cornell University

Social Dynamics Laboratory
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Popular Presidential Vote by County, 2008. 
Red: 70%+ Republican; Blue: 70%+ Democrat.  

Population cartogramSpatial distribution

Cornell University

Social Dynamics Laboratory

M.E.J. Newman, http://www‐personal.umich.edu/~mejn/election/2008/
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Red: conservative; Blue: liberal. Size=# blog in-links. 91% of the links originating within either the 
conservative or liberal communities stay within that community. 

Ad i & Gl 2005 “Th liti l bl h d th 2004 U S l ti di id d th bl ” Li kKDD ’05

Cornell University

Social Dynamics Laboratory

Adamic & Glance 2005. “The political blogosphere and the 2004 U.S. election: divided they blog.” LinkKDD ’05.
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Culture Wars

• Polarization
– Not just that positions on issues are at opposite extremes
Th i i l l d– These positions are also correlated

• Knowing someone’s opinion on one salient issue
– We can predict many other opinions better than chanceWe can predict many other opinions better than chance
– Even when logically inconsistent
– Should government regulate

• Same‐sex marriage: yes, no
• Guns: no, yes
• Whether to have a baby: yes, no

Cornell University

Social Dynamics Laboratory
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What Causes Polarization?

• People must have a reason to hate each other
• Invites the search for economic interests andInvites the search for economic interests and
identities shaped by historical experiences
– “Honor society” in the Southeast– Honor society  in the Southeast
– Anti‐government legacy of the “Wild West”

• Correlations ass me that obser ations are• Correlations assume that observations are 
independent (zero social influence)

Cornell University

Social Dynamics Laboratory
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More Parsimonious Explanation

• Network autocorrelation
– People do not arrive at their opinions p p
independently

• Homophily: people are attracted to similar others
• Influence: people become more similar to their 
neighbors

C l d d hi l i i f i i– Can lead to demographic polarization of opinion

Cornell University

Social Dynamics Laboratory



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

“Accidental Differences” 

• Replay history and it would come out differently
• But we only get to see one “run”
• Conveys a sense of “inevitability”
• But was it?

Cornell University

Social Dynamics Laboratory
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Computational Experiment

• Consider two demographic groups (e.g. Red v. 
Blue) whose members have opinions on social 
issues (e.g. same-sex marriage)

• Ground truth: 
– Little or no independent difference between groups, 

prior to influence (r=0, r=.05, and r= .1)
i e region has minimal effect on opinion– i.e. region has minimal effect on opinion

• Observe the correlation at equilibrium that 
obtains via homophily and influence

Cornell University

Social Dynamics Laboratory

obtains via homophily and influence
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Hopfield Model of Polarization

• Each node has three highly salient attributes 
• One binary demographic attribute

– Two continuous opinions (weighted mean of 
neighbors)

• Undirected edge weights range from 1 to 1• Undirected edge weights range from -1 to 1
– -1 = max difference across states (“xenophobia”)
– +1 = max similarity (“homophily”)

• Asynchronous updating of weights and states until 
equilibrium

Cornell University

Social Dynamics Laboratory
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Access Graph

• Limits who can influence whom
• “Connected caves” 

– N=100, k=20
– 5% random ties
– 2% hubs
– Most triads are closed

• Initial weights & opinions are random
U d ti

Access graph with 
initially random weights• Updating

– Opinions change via influence
– Weights change to reflect agreement

initially random weights

Cornell University

Social Dynamics Laboratory
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Multiple Worlds

• The real world we live in is unique (we cannot re-run 
history).

• But that does not mean the outcomes we observe 
were the only ones possible.
Repeat the e periment o er m ltiple trials to see if• Repeat the experiment over multiple trials to see if 
the equilibrium outcome in a single realization is 
arbitrary.y

Cornell University

Social Dynamics Laboratory
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Arbitrary Effect of Network Autocorrelation
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• X,Y = first two eigenvectors for 2 continuous 
opinions, 1 fixed binary (red or blue).

• Circle: size of profile.

Cornell University

Social Dynamics Laboratory
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# Binary Dimensions of Opinion (F) Number of Observed Groups at Equilibrium

1 2
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Black Holes and Culture Wars

• F binary dimensions
• N individuals in 2F profiles
• If F>N

– More profiles (combinations of F) than people
– Cultural isolates get pulled into denser profiles
– The larger the profile, the stronger the assimilation
– One big profile is not reachable from a random start
– Negative influence traps the population in two groups

Cornell University

Social Dynamics Laboratory
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How to Avoid Polarization?

• N>2F : more profiles have multiple incumbents
• Neighbors reinforce local conformity
• Resist assimilation into denser profiles
• Dissonant equilibrium 

– Local energy minimum, but not a global minimum
– Pluralism (“cross‐cutting cleavages”) 

Strong ties (+ or –) to neighbors who (dis)agree on most issues– Strong ties (+ or –) to neighbors who (dis)agree on most issues
– Weak ties to neighbors who (dis)agree on a few dimensions

• Can be disturbed by random perturbation

Cornell University

Social Dynamics Laboratory
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Through the Looking Glass

• The general linear model
– The correlation is the explained variancep
– The error term is residual noise

• A rabbit hole to a different world• A rabbit hole to a different world
– The correlations are arbitrarily + or –
Small amounts of noise can make outcomes more– Small amounts of noise can make outcomes more 
predictable

Cornell University

Social Dynamics Laboratory
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Dissonant Equilibrium with Four IssuesDissonant Equilibrium with Four Issues
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St iti ti
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Dissonant Equilibrium with Four Issues
Random perturbation

Dissonant Equilibrium with Four Issues
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Consonant Equilibrium: Global MinimumConsonant Equilibrium: Global Minimum
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N i d N t k A liNoise and Network Annealing

High variability across multiple 
realizations

Low variability across multiple 
realizations

Cornell University

Social Dynamics Laboratory
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The Tragedy of Network Autocorrelation

• “Accidental” polarization
– Appears “natural” because we only see one “run”pp y
– Arbitrary differences can still lead to violent 
conflict

– Scholars see collective interests & identities like 
faces in the clouds

• Observe correlations
• Assume observations are independent

Cornell University

Social Dynamics Laboratory
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Galton’s Problem  Galton’s Opportunity

• Why privilege identity and interests as 
explanations for group conflict?p g p

• Network autocorrelation is not simply a 
confound that must be ruled outconfound that must be ruled out

• A powerful explanatory paradigm

Cornell University

Social Dynamics Laboratory
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The End

Cornell University

Social Dynamics Laboratory



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Cornell University

Social Dynamics Laboratory



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Cornell University

Social Dynamics Laboratory



Unobserved Heterogeneity Reciprocal Effects Network Autocorrelation

Popularity and Bullying

• Are popular kids more likely to become 
bullies?

• Popularity
– Betweeness centrality– Betweeness centrality
– Especially gender betweeness
Also tested Bonacich centrality– Also tested Bonacich centrality

• Bullying: incidents of aggressive behavior

Cornell University

Social Dynamics Laboratory
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Farisa & Felmlee, 2011. “Status Struggles: Network Centrality and Gender Segregation in Same‐ and Cross‐Gender Aggression.” ASR 76:48‐73.
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Zachary W. (1977). “An information flow 
model for conflict and fission in small 
groups ” Journal of Anthro Res 33: 452‐73

Cornell University
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groups.  Journal of Anthro. Res 33: 452‐73. 
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Zachary W. (1977). An information flow 
model for conflict and fission in small 
groups Journal of Anthro Res 33: 452‐73

Cornell University
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Zachary W. (1977). An information flow 
model for conflict and fission in small 
groups Journal of Anthro Res 33: 452‐73
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