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Motivation: Information diffusion

 Want to study 

diffusion patterns 

of a particular tag 

or topic on Twitter

 Application: Who 

starts largest 

cascades?

 Can’t get a full set 

of tweets

 Up to 90% of tweets 

are missing!



Information Diffusion Cascades

 Users are nodes in a 

social network. 

 We know the network

 We focus on some 

action users have 

performed (e.g., tweeted 

about “mubarak”)

 We may or may not 

know which node 

influenced which other 

node
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Information Diffusion Cascades
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What happens with missing data?
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Missing Data Distorts 

Cascade Properties
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Missing Data Distorts 

Cascade Properties
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Missing Data Distorts 

Cascade Properties
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Problem Statement

 Goal: Find properties X

of the complete cascade C

 We only have access to 

cascade C’ that is C with 

missing data

 Missing data regime: Each node 

of C is missing independently with 

probability p

 Properties X’ of C’ are 

inaccurate (X  X’)

s

u
r

t

s

u
r

t

C

C’



Methodology

target

cascade C

sample sampled

cascade C’

estimate 

true 

properties

=

parameters k-tree

cascade

sample sampled k-tree

cascade

properties

X

properties

X’

properties

X’M

properties

XM

Estimate

k-tree model

parameters

=



k-Tree Model of Cascades

Branching b=2

Depth h=3

In-edges k=2
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Properties of k-trees under 

missing data

 Relatively simple to reason about

 Can calculate an exact expressions for 

many different properties of the k-tree

p = fraction of nodes 

observed in the sample

Interested in k-tree 

properties as a function of p



Example: 

Num. of Connected Components

Number of connected components as a function 

of k-tree model parameters (b,h,k) and missing 

data rate p:
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Analytically Tractable Properties 

of k-trees

 We derive equations linking k-tree parameters 

with a cascade properties:

 # of nodes

 # of edges

 # of connected components =

 # of isolated nodes

 # of leaves

 Average node degree

 Out-degree of non-leaves

 Size of the largest connected component
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Methodology Overview
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Estimating Parameters
model 

parameters

b, h, k

subsample 

 fraction

fit system of

8 equations

sampled observed 

cascade for each 

target

cascade C

Sample

p fraction

estimated 

model 

parameters

b, h, k

XM(p)
=

properties

properties

X’(p)

observed

cascade C’

k-tree Model
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where X’ is the # of connected 

components in the p sample
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Experiments

 Are k-trees a good model for cascades?

 How well can we correct for missing data?

 Do parameters of the model correspond to 

real cascade properties?



Data Sets

Twitter: 

 Network of 72 million nodes and 2 billion edges

 Complete set of 350 million tweets over 6 months

 Influence cascade: URL retweet cascades

 Network cascade: Pretend we do not know 

URL of which friend did you forward

Blogs

 English blogosphere posts over 2 months

 Influence cascades: Cascades 

formed by links between the blog posts



Are k-trees a good model 

for cascades?

 Yes! Curve of the model matches the 

empirically measured values of a real 

cascade.

Twitter cascade



How Well Do We Correct for 

Missing Data?

 We do significantly better than the observed values!

Twitter cascades



How Well Do We Correct for 

Missing Data?

 Our method is most effective when more than 20% of 

the data is missing

 Works well even with 90% of the data missing

Twitter cascades



Conclusions

 Proposed an analytical k-tree model of cascades 

and derived their properties

 k-trees are an effective proxy to study the effects 

of missing data on cascades

 Proposed a method that estimates properties of 

the complete cascade C given its missing-data 

cascade C’

 Estimated cascade properties are significantly 

more accurate than the observed properties

 k-tree model parameters correspond to the 

properties of the target cascade C



What can we do using this method?

Even with 90% of data missing, we can estimate:

 How many people influence their followers to 

retweet URLs

 How many followers on average each user 

influences to retweet a URL

 What fraction of blog posts is missing 

(not knowing the sample ratio!)


