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I study and build social media.



COLLAPSED CONTEXT PROBLEM





Computationally, we don’t understand 
the RELATIONSHIPS expressed in social media. 



STRONG TIES are the people you really trust.

WEAK TIES, conversely, are merely acquaintances. 

BACKGROUND: TIE STRENGTH
concept



TIE STRENGTH
concept & impact

7,000+ papers cite TSOWT 

firms with right mix of  ties get better deals

strong ties can affect mental health



This talk shows how to RECONSTRUCT tie strength from 
digital traces, and how we can UNDERSTAND using it.



HEURISTICS
a sample of  substitutes

communication reciprocity Friedkin 1980; Romero & Huberman 2009

one mutual friend Shi, Adamic & Strauss 2007

communication recency Lin, Dayton & Greenwald 1978

interaction frequency Gilbert, Karahalios & Sandvig 2008; Fischer 2006



PARTICIPANT INTERFACE



PREDICTIVE VARIABLES
intimacy

participant’s friends 729

friend’s friends 2,050

days since last comm. 1,115

wall intimacy words 148

inbox intimacy words 137

together in photo 73

miles between hometowns 8,182 mi



PREDICTIVE VARIABLES
structural

mutual friends 206

groups in common 12

tf-idf  of  interests & about 73

emotional support

positive emotion words 197

negative emotion words 51



STATISTICAL METHODS



Days since last communication

Days since first communication

Intimacy × Structural

Wall words exchanged

Mean strength of  mutual friends

Educational difference

Structural × Structural

Reciprocal Serv. × Reciprocal Serv.

Participant-initiated wall posts

Inbox thread depth

Participant’s number of  friends

Inbox positive emotion words

Social Distance × Structural

Participant’s number of  apps

Wall intimacy words

–0.762

0.755

0.4

0.257

–0.223

0.195

–0.19

0.146

–0.137

–0.136

0.135

0.13

–0.122

0.111

0.299

MOST PREDICTIVE
by |beta|
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μ

μ

strong as strong

strong as weakweak as weak

weak as strong



HEURISTICS
the difference

THIS MODEL 89%  Adj. R2 = 0.53

MSGS → FRIEND 61%  Adj. R2 = 0.09

BASELINE 52%



LIMITATIONS
high residuals

Ah yes. This friend is an old ex. We haven't really 
spoken to each other in about 6 years, but we ended up 
friending each other on Facebook when I first joined. But 
he's still important to me. We were best friends for seven 
years before we dated. So I rated it where I did (I was 
actually even thinking of  rating it higher) because I am 
optimistically hoping we’ll recover some of  our “best 
friend”-ness after a while. Hasn't happened yet, though.
error: 
~0.5

“



This friend is very special. He and I attended the same high 
school, we interacted a lot over 3 years and we are very very 
close. We trust each other. My friend are I are still 
interacting in ways other than Facebook such as IM, 
emails, phones. Unfortunately, that friend and I rarely 
interact through Facebook so I guess your predictor doesn't 
have enough information to be accurate.
error: 
~0.5

“

LIMITATIONS
high residuals



... building this into a Twitter tool.





















INFLUENCE THROUGH WEIGHTED NETWORKS
from Onnela, et al.



TIE STRENGTH 
AFFECTS INFLUENCE
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What’s next?
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