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Why care about the spread of memes on social networks?
Media in the Age of Algorithms

Twitterverse

twitter is a micro-blogging service...
What is a tweet? retweet? reply-tweet, etc...

bots, social engineering, etc. – Cambridge Analytica
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Extremist Networks

ISIS’ Twitter Strategy http://bit.ly/2gdls4K

social media is being used by groups such as ISIS to:

spread their message of hate,

recruit susceptible youth, and

project power all over the world.

Raazesh Sainudiin† Meme Evolution Programme

http://bit.ly/2gdls4K
http://bit.ly/2gdls4K


Motivations and our dataset
Data and Statistics

Model

Why care about the spread of memes on social networks?
Media in the Age of Algorithms

Extremist Networks

ISIS’ Twitter Strategy http://bit.ly/2gdls4K

Raazesh Sainudiin† Meme Evolution Programme

http://bit.ly/2gdls4K
http://bit.ly/2gdls4K


Motivations and our dataset
Data and Statistics

Model

Why care about the spread of memes on social networks?
Media in the Age of Algorithms

Extremist Networks

ISIS’ Twitter Strategy http://bit.ly/2gdls4K

There are an estimated 21,000 English-language followers alone.

Most content comes from 2,000 over-performers that tweet in bursts of 50 or more tweets per day

with each of these over-performers having an average of 1,004 followers.

The result is an astonishing estimated 200,000 tweets per day.

https://www.brookings.edu/wp-content/uploads/2016/06/

isis_twitter_census_berger_morgan.pdf
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Conclusions of the study by www.fifthtribe.com:

ISIS is essentially crowdsourcing its digital strategy.

A similar massive operation needs to be developed in order to effectively blunt its outreach efforts.

Members of the big data community, technologists, creatives, and digital strategists need to come together
and coordinate with religious leaders, social media companies, and government agencies to develop an
effective counter-messaging effort.
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US Extremist Groups by SPLC
https://www.splcenter.org/fighting-hate/extremist-files

https://www.splcenter.org/fighting-hate/extremist-files/ideology

https://www.splcenter.org/fighting-hate/extremist-files/individual

https://www.splcenter.org/fighting-hate/extremist-files/groups
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Micro-propaganda network of 117 fake news, viral, anti-science, hoax, and misinformation websites by Jonathan Albright

http://bit.ly/2gidlBW
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Micro-propaganda network of 117 fake news, viral, anti-science, hoax, and misinformation websites by Jonathan Albright

http://bit.ly/2gidlBW

The Targets: Mainstream Media, Social Networks and Wikipedia:

the sites with the most inbound hyperlinks (the largest circles on the graph) in this ‘fake news’ propaganda
network are Google, YouTube, the NYTimes.com, Wikipedia, and Amazon.com.

The larger the circle, the more links are coming in from the 117 #MCM network ‘fake news’ sites.
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Micro-propaganda network of 117 fake news, viral, anti-science, hoax, and misinformation websites by Jonathan Albright

http://bit.ly/2gidlBW

Mainstream Media Are Mostly “Surrounded”:

right-wing, fake news, conspiracy, anti-science, hoax, pseudoscience, and right-leaning misinformation sites
surround most of the mainstream media

sites in the fake news and hyper-biased #MCM network have a very small node size — this means they are
linking out heavily to mainstream media, social networks, and informational resources

every incoming link is not a vote for the popularity of a site as in Google’s page-rank principle — the
goal now is to maximize user engagement
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Micro-propaganda network of 117 fake news, viral, anti-science, hoax, and misinformation websites by Jonathan Albright

http://bit.ly/2gidlBW

Fact Checking and Knowledge Editing:

#MCM network links heavily to a major poll site, Gallup, and crowdsourced fact-checking and reference
resources — most notably Wikipedia, Reddit, and Wikimedia

Snopes and other fake news verification sites are in the “liberal” side of the network at the top-middle right

From fantastical falsehoods to outright vandalism, Wikipedians are warring over Trump’s inner circle.
http://ow.ly/8e4y306hVUn
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Social Media Realities

Anyone can be a broadcaster and target/recruit anyone

Social Media Platforms emphasize engagement via clicks

Unlike, Google’s page rank, where every link is a vote, there
is no equivalent of truth rank in social media

Question is: “whose truth? when ‘knowledge’ is editable”

facebook’s curating the newsfeed as opposed to treating it as
a timeline makes them medaite what users will see

Tim O’Reilly’s http://bit.ly/2fpclfZ:
.... Unfortunately, unlike search, where the desires of the users to find an answer and get on with their lives

are generally aligned with “give them the best results”, Facebook’s prioritization of “engagement” may be

leading them in the wrong direction. What is best for Facebook’s revenue may not be best for users.

GOAL: Can we shed light on the nature of ideological
networks and their effect on “meme” transmissions in the
twitterverse? — empirical setting and idealized theoretical setting
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US Presidential Election 2016 - Twitter Streams

Twitter Data — 3rd US Presidential Debate

Twitter Data — Last 2 Days Around the End of Election

User time-line of @realDonaldTrump, @HillaryClinton and splc-extremists with twitter accounts

collected data includes all mentions, replies, retweets, etc of these twitter accounts of interest

Such twitter data was collected every day for about a month around the US Presidential Election
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Empirical Networks: homophily, echo-chambers, hate-anatomy

Dataset overview

Data collected around the 2016 US Presidential Election

our analysis is seeded from over 10M retweets

3M distinct retweet-pairs: (original-Tweeter, Retweeter)

2M distinct retweet-pairs where original-Tweeter is either
Clinton or Trump

Goal: to gain insights into communications within and across
party lines or ideologies & model the effect of social networks
on ideological transmissions
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Models for Ideological Network Dynamics

If arc ai ,j = 1 then we say i ideologically concurs with j

Just two ideological concurrence networks out of 4, 722, 366, 482, 869, 645, 213, 696 for 9 individuals!

homophily & confimation bias can lead to polarization or echo
chambers (for eg. Dandekar, et. al, PNAS, 2013 & iDel Vicario et. al, PNAS 2015), Aldous,

Bernoulli 2010
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Retweet Network — (3% sample #V = 1205, #E = 29856)

Trump-Clinton Retweet Network — a few samples
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Retweet Network — (3% sample #V = 1205, #E = 29856)

Trump-Clinton Retweet Network weighted by Retweet counts
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Retweet Network — (3% sample #V = 1205, #E = 29856)

Trump-Clinton Retweet Ideological Network
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Retweet Network — (3% sample #V = 1205, #E = 29856)

Trump-Clinton TIN or (Re)Tweet Ideological Network – Outdegree
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Retweet Network — (3% sample #V = 1205, #E = 29856)

Trump-Clinton TIN or (Re)Tweet Ideological Network
(3% sample #V = 1205, #E = 29856) – Indegree

So, the loudest vessel wins the “being heard match” in the twitterverse! — Whether the vessel is “empty” is less

irrelevant than how many can hear it with their specific “emotional needs/fears/etc. soothed”...
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Community Structure of samples of retweet networks

The 3rd US Presidential Debate 22K Retweet Network
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Community Structure of samples of retweet networks

5% random sampled retweet networks for October 19 2016

Raazesh Sainudiin† Meme Evolution Programme



Motivations and our dataset
Data and Statistics

Model

Experimental design of twitter streams
Empirical Networks: homophily, echo-chambers, hate-anatomy

Community Structure of samples of retweet networks

5% random sampled retweet networks for October 19 2016 – top 10
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Community Structure of samples of retweet networks

5% random sampled retweet networks for October 24 2016

The retweet community structure – 50 communities identified
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Community Structure of samples of retweet networks

5% random sampled retweet networks for October 24 2016 – top 6
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Community Structure of samples of retweet networks

5% random sampled retweet networks for November 15 2016
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Our Weighted Retweet Network

Weighted Retweet Network is based on 4,698,545 retweet events:

collected during the 2nd half of October 2016

augmented by up to 200 most recent retweets of each
retweeter of Trump/Hillary on October 19.

the network has 1,225,051 edges and 797,341 nodes or users

there is one giant component with 797,326 users (by
experimental design)

NEED: distributed computing using Apache Spark (fastest
growing Apache project)

Spark noSQL library – SparkSQL
Spark graph processing library – GraphX
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Finding the Echo-chambers

Step 1: Obtain a similarity s from retweet weight w :
(1,∞) 3 s(w) 7→ nc log(1 + ξw) ∈ [0, 1] between each edge

Step 2: Make retweet similarity matrix symmetric

Step 3: Do Power Iteration Clustering (PIC) from the leading
Eigen vector estimate

Step 4: Only take the top 1000 highest degree nodes’ clusters
(manually tune the scale parameter ξ)

Step 5: Propagate the labels of the top 1000 nodes to their
“pure” retweeter nodes (recurse x times)

Step 6: Repeat Step 5 stochastically to the “impure”
retweeter nodes that are left after Step 5

Step 7: Obtain the sub-graph with the two labels of interest
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Number of Retweets Within and Across Ideological Clusters

Homophily is reflected by the probability hK of retweeting tweets that
originate in your own cluster K .
Maximum likelihood estimate of homophily using Bernoilli trials are:

Trump: hT = 0.98373, 95% CI (0.98358, 0.98387)

Clinton: hC = 0.96487, 95% CI (0.96456, 0.96518)

Both clusters exhibit significantly high levels of homophily

Reject H0 : hT = hC favoring hT > hC (LRTS= 14279, p-value < 0.005)
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Homophily Estimate for Each Individual in Each Cluster

Trump’s Echo Chamber

Clinton’s Echo Chamber
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Shortest RT-weighted paths: Another view of echo-chambers

retweet weights: 0.0 1.0 10.0 100.0 1000.0 2601.0
dissimilarity distances: 1.0 0.764 0.546 0.320 0.0940 0.0
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12 SPLC-defined Extremist ideologies

What is publicly tractable in twitter...
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5 SPLC-defined Extremist ideologies retweet Trump
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7 SPLC-defined Extremist ideologies Retweet Proportions

0 = Trump’s cluster and 2 = Clinton’s cluster

A significant proportion of retweets by leaders of seven extremist
ideologies have original tweets in Trump’s ideological cluster.
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Trump’s Hateful Retweeters
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Clinton’s Hateful Retweeters
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Trump’s Hateful Retweeters By Ideology
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Clinton’s Hateful Retweeters By Ideology
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Chi-square tests
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Chi-square tests

Restricting to retweeters who retweet at least 4 times
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Some mathematical insights

John Guckenheimer: “Everyone’s gut feeling is that the network
structure matters, ... but we know surprisingly very little about
how it matters.”

Given the structure of these highly polarized ideological networks,
can we make some idealizations to make progress on understanding
how “memes” are transmitted from one individual to
another?
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Susceptible-Infected Contact Network (SICN) & Transmission Tree (TT)
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Susceptible-Infected Contact Network (SICN) & Transmission Tree (TT)

Aldous’ ?n: How does the geometry or structure of the SICN afftect the

distribution (shape and timing) of the TT?
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Susceptible-Infected Contact Network (SICN) & Transmission Tree (TT)

Aldous’ ?n: How does the geometry or structure of the SICN afftect the

distribution (shape and timing) of the TT?

Answer: It is possible in the simplest setting...
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Markov chain on SI Contact Networks × Transmission Trees

A growing transmission tree on a complete SICN in a population of size n = 3

A growing transmission tree on a star SICN in a population of size n = 3

A growing transmission tree on a path SICN in a population of size n = 3
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State Space

Let In = {ı1, ı2, . . . , ın} be the label set of a pop. of size n

Let wn be the weighted edges of a complete weighted directed
graph (network) kn
Let the Markov chain have state space Tn × Cn

where c := (w , s) ∈ Cn := 2wn × {0, 1}In , SICNs
where τ ∈ {rooted planar ranked leaf-labelled binary trees}
Note the poset on 2wn with unit weights given by ≺ := ⊆
So the current state of the Markov chain at discrete time z is
(τ(z), c(z)) ∈ Tn × Cn
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Transition Probabilities

One-step transitions for the jump chain

Pr{(τ(z + 1), c(z + 1)) | (τ(z), c(z))} =

the edge-weight from (z + 1)-th infector to the (z + 1)-th infectee

Sum of edge-weights from every potential infector to every potential infectee within its susceptible out-neighborhood

By letting the time for each infection event to be distributed

as
iid∼ Exponential(λ) random variables we can get the

continuous time Markov chain’s generator in the usual way
(ignored here).

NOTE: We limit to connected networks with unit weights and
undirected edges here
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Continuous Time Transmission Process

Two Transmission Trees (TTs) Grown on a Complete

Susceptible-Infected Contact Network (SICN) with n = 50 individuals
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Continuous Time Transmission Process

Branch-lengths of the TTs Grown on Complete SICNs randomly shifted logistic limit
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Continuous Time Transmission Process

What is the distribution of transmission trees for an essentially
arbitrary contact network?
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Transmission Trees on Other Contact Networks

Mean branch-lengths for star, path and complete networks
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Transmission Trees on Other Contact Networks

Trees on Balanced Tree Networks
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Transmission Trees on Other Contact Networks

Trees on Bidirectional Circular Networks
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Transmission Trees on Other Contact Networks

Trees on Toroidal Network
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Transmission Trees on Other Contact Networks

Trees on Preferential Attachment Network
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Transmission Trees on Other Contact Networks

Real-world networks are quite heterogeneous and are closer to
mixtures of various families of deterministic and random contact
networks...

What is the distribution of transmission trees for an essentially
arbitrary contact network?
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Beta-splitting Model

IDEA: induce distributions on TTs without the SICN

Consider Generating Sequences:

U1,U2, . . .
iid∼ Uniform(0, 1)

B1,B2, . . .
iid∼ Beta(α + 1, β + 1), (α, β) ∈ (−1,∞)2

Beta-splitting construction:
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Theorems

Integrating out the interval-valued realizations at the leaf nodes
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Theorems

Beta-splitting model matches distrn on TTs for three example SICNs

(α, β) = (0, 0) ≡ complete SICN,

(α, beta)→ (∞,−1) ≡ star SICN

(α, beta)→ (−1,∞) ≡ path SICN

Theorem 2 on MLE expressions

Theorem 3 on Equivalence class of initialized SICNs with the
same (α, β)-specified TT distribution

Will present a chalk talk in CIM on Feb 14 2017...

50 other model parameters simulated...
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MLE of α and β from TTs under various SICNs
mean MLEs based on transmission trees simulated from various contact networks indexed by their ID from Table 1.

Beta-projections of various models
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MLE of α and β from TTs under various SICNs
mean MLEs based on transmission trees simulated from various contact networks indexed by their ID from Table 1.

Beta-projections of various models

-1 -0.5 0.5 1

-1

-0.5

0.5

1

1.5

1

4
5

6

7

8

9
10

11

13
14

15

16
17

18
19

20
21

222324
25

26
27 28 29

30

50

51
52

53

54

48

49

55

32

34
35

3637

38

39

41
45

46

47

Raazesh Sainudiin† Meme Evolution Programme



Motivations and our dataset
Data and Statistics

Model
The Transmission Process. Sainudiin and Welch, JTB 2016

MLE of α and β from TTs under various SICNs
mean MLEs based on transmission trees simulated from various contact networks indexed by their ID from Table 1.

Beta projections of various models
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So what? — We can do Bayesian non-parametrics by Beta-splitting mixtures over empirical SICNs/TINs
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Summary

Social media realities require mathematical models that are
“big data” driven and reflective of the market forces

Distributed computing framework of Apache Spark allows one
to handle such large data easily
Result 1: homophily is quite extreme leading to highly
polarized echo-chambers in the US political twitterverse
Result 2: strong signals of ideological concurrence between
various SPLC-defined extermist groups and
‘@realDonaldTrump‘’s echo-chamber.
Result 3: idealized model of meme transmissions can shed
light on the distribution of transmission trees as a function of
the underlying social/ideological/contact network using a
simple biparametric family
Need: Markov control processes that allow the Networks
themselves to coevolve with transmission trees
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The End

Many thanks to:

Databricks Academic Partners Programme and AWS Educate
grant
Research Chair in Mathematical Models of Biodiversity (for
mathematical theorizing) held jointly by:

1 Veolia Environnement
2 French National Museum of Natural History, Paris, France and
3 Centre for Mathematics and its Applications, Ecole

Polytechnique, Palaiseau, France.

Code Contributors: Ivan Sadikov and Akinwande Atanda

The Transmission Process: A Combinatorial Stochastic Process for the Evolution of Transmission Trees

over Networks, Raazesh Sainudiin and David Welch, Journal of Theoretical Biology, Volume 410, Pages

137–170, 2016 10.1016/j.jtbi.2016.07.038

http://lamastex.org/lmse/mep

Thanks for your Attention :)
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