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Why	
  the	
  interest	
  in	
  this	
  case?	
  

•  Marke$ng	
  Facebook	
  applica$ons?	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
A	
  heuris$c	
  for	
  contagion	
  is	
  fine.	
  

	
  
	
  
•  Making	
  decisions	
  about	
  public	
  health?	
  
Let’s	
  double-­‐check	
  that.	
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Why	
  are	
  friends’	
  behaviors	
  correlated?	
  
	
  

We	
  mimic	
  our	
  friends:	
  
Contagion/influence	
  

	
  
We	
  befriend	
  people	
  who	
  are	
  already	
  like	
  us:	
  

	
  Selec$on/Homophily	
  
	
  

Difficulty:	
  HIDDEN	
  variables	
  	
  
(aka	
  “unobserved	
  covariates”,	
  “latent	
  a]ributes”)	
  





Ruling	
  out	
  hidden	
  variables	
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  Barre]	
  2007	
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  Hardy	
  2001	
  

This	
  connec:on	
  is	
  not	
  useful	
  
for	
  real	
  problems	
  without	
  
approximate	
  methods	
  for	
  
solving	
  the	
  AG	
  problems	
  

…	
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At-­‐1	
  

At	
  

RA	
  

E	
  
Bt-­‐1	
  

Bt	
  

RB	
  

NO:	
  *Shalizi	
  &	
  Thomas,	
  Soc.	
  Methods	
  &	
  Research,	
  2011.	
  

Alice’s	
  state	
  	
  
over	
  $me	
  

Bob’s	
  state	
  
over	
  $me	
  

Edge	
  from	
  
A➞B	
  exists	
  

Alice’s	
  hidden	
  
a]ributes	
  

Bob’s	
  hidden	
  
a]ributes	
  

At-­‐1	
  

At	
   Bt	
  

Alice’s	
  state	
  	
  
over	
  $me	
   Bob’s	
  state	
  

over	
  $me	
  

Bt-­‐1	
  

Influence	
  or	
  contagion	
  
explana$on	
  

Selec$on/Latent	
  
homophily	
  explana$on	
  

Is	
  it	
  easy	
  to	
  tell	
  the	
  difference?	
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At-­‐1	
  

At	
  

RA	
  

E	
  
Bt-­‐1	
  

Bt	
  

RB	
  

*Shalizi	
  &	
  Thomas,	
  Soc.	
  Methods	
  &	
  Research,	
  2011.	
  
	
  

•  Current	
  tests	
  for	
  contagion	
  (as	
  in	
  obesity	
  study)	
  can	
  be	
  fooled	
  by	
  latent	
  homophily	
  
•  AND	
  contagion	
  can	
  look	
  like	
  homophily	
  

	
  

Alice’s	
  state	
  	
  
over	
  $me	
  

Bob’s	
  state	
  
over	
  $me	
  

Edge	
  from	
  
A➞B	
  exists	
  

Alice’s	
  hidden	
  
a]ributes	
  

Bob’s	
  hidden	
  
a]ributes	
  

At-­‐1	
  

At	
   Bt	
  

Alice’s	
  state	
  	
  
over	
  $me	
   Bob’s	
  state	
  

over	
  $me	
  

Bt-­‐1	
  

Influence	
  or	
  contagion	
  
explana$on	
  

Selec$on/Latent	
  
homophily	
  explana$on	
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A	
  Sta$s$cal	
  Test	
  

At-­‐1	
  

At	
  

RA	
  

E	
  
Bt-­‐1	
  

Bt	
  

RB	
  

Edge	
  from	
  
A➞B	
  exists	
  

�
Upper	
  bound	
  
on	
  causal	
  
strength	
  

Find	
  an	
  observable,	
  c(A,B),	
  so	
  that:	
  

THEN,	
  if	
  an	
  observed	
  distribu$on	
   	
  
	
   	
   	
  	
  	
  	
  violates	
  this	
  bound:	
  

hc(A,B)iP̂ 6= 0

8P 2 P� hc(A,B)iP  18P 2 P� hc(A,B)iP = 0

P̂ (A,B|E)

That	
  implies	
  causal	
  strength	
  >	
  Δ	
  is	
  
required	
  to	
  explain	
  correla$ons.	
  *	
  

*With	
  a	
  caveat	
  discussed	
  in	
  a	
  few	
  slides	
  



How	
  to	
  Construct	
  Tests	
  

Equivalent	
  to:	
  

x1, x2, . . .
f(~x)

8P 2 P� hc(A,B)iP  1

Convex	
  hull	
  of	
  an	
  
algebraic	
  surface	
  

gi(~x) � 0

P 2 P� () 9P (At|At�1, RA), P (RA, RB |E), P (Bt|Bt�1, At�1, RB)

P (A1:T , B1:T |E = 1) =
X

RA,RB

P (RA, RB |E)
TY

t=1

P (At|At�1, RA)P (Bt|Bt�1, At�1, RB)

�l  P (Bt = 1|Bt�1, At�1 = 1, RB)� P (Bt = 1|Bt�1, At�1 = 0, RB)  �uhc(A,B)i  1



How	
  to	
  Construct	
  Tests	
  

Equivalent	
  to:	
  

8P 2 P� hc(A,B)iP  1

1� ~c · ~f(~x) � 0
Polynomial	
   (Linear)	
  polynomial	
  inequali$es	
  

8~x, g1(~x) � 0, . . .



Handelman’s	
  representa$on	
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Theorem 0.1. (Handelman’s representation) Any polynomial, � � h(x), that
is positive on a compact domain K = {x : g1(x) � 0, . . . , gs(x) � 0}, where the
gi(x) are linear, can be written in this form,

� � h(x) =
X

k2Ns

�k

sY

i=1

gi(x)
ki
,

using non-negative �’s, with k representing a vector of non-negative integers.



How	
  to	
  Construct	
  Tests	
  

Equivalent	
  to:	
  

8P 2 P� hc(A,B)iP  1

1� ~c · ~f(~x) � 0
Polynomial	
   (Linear)	
  polynomial	
  inequali$es	
  

8~x, g1(~x) � 0, . . .

Search	
  for	
  a	
  test,	
  c,	
  becomes	
  a	
  Linear	
  Program	
  	
  

1� ~c · ~f(~x) =
X

k2Ns

�

k

sY

i=1

g

i

(x)ki

~

�

k

� 0,
X

i

k

i

 d

max

Handelman	
  	
  
representa$on	
  

Bounded	
  
degree	
  
relaxa$on	
  



t=1	
   t=2	
   t=3	
  

Spot	
  the	
  contagion!	
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t=4	
  

Model	
  A	
  

Model	
  B	
  



Two	
  plausible	
  explana$ons	
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t=1	
   t=4	
  

Group	
  1:	
  
-­‐  Prefer	
  to	
  

befriend	
  
people	
  in	
  
group	
  1	
  
(homophily)	
  

-­‐  Have	
  a	
  
tendency	
  to	
  
become	
  
green	
  

Group	
  2:	
  
-­‐  Prefer	
  to	
  

befriend	
  
people	
  in	
  
group	
  2	
  
(homophily)	
  

-­‐  Have	
  a	
  
tendency	
  to	
  
become	
  	
  	
  	
  	
  	
  	
  
red	
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Estimate P̂ (A1:4, B1:4|E) ) hc(1)(A,B)iP̂

hc(1)(A,B)iP̂ ⇡ 0.06

hc(1)(A,B)iP̂ ⇡ 0
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0 <c>=0.06

No influence ) hc(1)(A,B)iP = 0

We	
  construct	
  a	
  test,	
  c,	
  	
  so	
  that:	
  



Framingham	
  Heart	
  Study	
  Data	
  

•  5124	
  subjects,	
  decades	
  long	
  study	
  
–  Extensive	
  data,	
  including:	
  height,	
  weight,	
  marriage,	
  social	
  and	
  familial	
  $es,	
  

alcohol,	
  smoking,	
  cancer,	
  heart	
  disease,	
  diabetes,	
  psych	
  exam…	
  

•  Edge:	
  if	
  B	
  declared	
  A	
  as	
  an	
  unrelated	
  friend	
  
•  Binary	
  outcome:	
  BMI	
  increased	
  more	
  than	
  median	
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hc(1)iP̂
obesity

= 0.055 > 0

with confidence 99.8 . . .%

Homophily	
  alone	
  does	
  not	
  explain	
  the	
  	
  
spread	
  of	
  obesity	
  

(Using	
  705	
  pairs)	
  



Causal	
  Caveats	
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At-­‐1	
  

At	
  

RA	
  

E	
  
Bt-­‐1	
  

Bt	
  

RB	
  

Edge	
  from	
  
A➞B	
  exists	
  

xkcd.com	
  

•  No	
  model	
  of	
  this	
  form	
  can	
  
explain	
  the	
  spread	
  of	
  
obesity,	
  but…	
  

•  Adding	
  this	
  causal	
  link	
  is	
  
not	
  the	
  only	
  alterna$ve	
  

•  “external	
  dynamics”	
  



Conclusion	
  

•  Hidden Variables  Nontrivial constraints on observations 

•  Allows results like: Spread of obesity NOT explained by 
homophily (regardless of hidden attributes) 

 

•  Future work: Other HV models, better confidence bounds, 
relax stationary assumption, analyze all FHS data (smoking, 
marriage, depression…) 
 

Thank you. Questions? 

Pre-print: bit.ly/UwUct2 
Slides:     bit.ly/T3LBis 
 
Contact:  gregv@isi.edu 


