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Three Questions

(Q1) Is Trump preferentially retweeted by various types of
hate groups or their leadership relative to other politicians
(i.e., Clinton, Sanders, Cruz, or Ryan) against the null random
network model of apathetic retweeting?

(Q2) What frequency of unique users retweeted both a
politician and a hate group or its leadership more than
expected under the null model?

(Q3) What is the joint distribution of the degrees of
separation to each user from each of the five politicians and
the eight most prolific hateful ideologies on Twitter, measured
through the lengths of the most retweeted directed paths in
the observed network?
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Twitterverse

twitter is a micro-blogging service...
What is a tweet? retweet? reply-tweet, etc. (status updates)

Via public streams and REST APIs we collected ∼22M status updates related to 5 politicians and 52 hate groups

(retrospective REST-based network augmentations).
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Hateful Networks

US Hate 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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18 US Hateful Ideologies by SPLC
https://www.splcenter.org/fighting-hate/extremist-files

https://www.splcenter.org/fighting-hate/extremist-files/ideology
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Experimental design of twitter streams

US Presidential Election 2016 - Twitter Streams
Twitter Data — 3rd US Presidential Debate

Twitter Data — Last 2 Days Around the End of Election

public streams of @realDonaldTrump, @HillaryClinton, @BernieSanders, @tedcruz, SpeakerRyan and
52 splc-defined hategroups of their leadership
collected data includes all mentions, replies, retweets, etc of these twitter accounts of interest for about 9
weeks around the 2016 US Presidential Election
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Experimental design of twitter streams

12 SPLC-defined hateful ideologies

– only 78% of hategroups identified by SPLC were active in Twitter

Raazesh Sainudiin† Meme Evolution Programme



Questions and Experimental Design
Data and Statistics

Models and Methods
Results

Transmission Processes

Experimental design of twitter streams

5 prominent Politicians in the USA

Retweet Network statistics of the five politicial accounts
Politician in-degree in-nbhd out-degree out-nbhd

Donald Trump 40 12 5,952,257 958,262
Hillary Clinton 225 121 2,774,111 943,995
Bernie Sanders 107 62 762,209 356,718
Paul Ryan 769 158 68,973 28,902
Ted Cruz 322 189 49,479 27,663
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Experimental design of twitter streams

Dataset overview

Data collected around the 2016 US Presidential Election

data = 2.7M tweets, 13.7M retweets, 22M status updates

4.4M distinct retweet-pairs: (original-Tweeter, Retweeter)

2.5M unique users
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Experimental design of twitter streams

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

Trump-Clinton Retweet Network — a few samples
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Experimental design of twitter streams

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

Trump-Clinton Retweet Network weighted by Retweet counts
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Experimental design of twitter streams

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

Trump-Clinton Retweet Ideological Network
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Experimental design of twitter streams

Strong Community Structure – samples of retweet networks

The 3rd US Presidential Debate 22K Retweet Network
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Experimental design of twitter streams

Strong Community Structure – samples of retweet networks

5% random sampled retweet networks for October 19 2016

Raazesh Sainudiin† Meme Evolution Programme



Questions and Experimental Design
Data and Statistics

Models and Methods
Results

Transmission Processes

Experimental design of twitter streams

Strong Community Structure – samples of retweet networks

5% random sampled retweet networks for October 19 2016 – top 10
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Experimental design of twitter streams

Strong Community Structure – samples of retweet networks

5% random sampled retweet networks for October 24 2016

The retweet community structure – 50 communities identified
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Experimental design of twitter streams

Strong Community Structure – samples of retweet networks

5% random sampled retweet networks for October 24 2016 – top 6
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Experimental design of twitter streams

Strong Community Structure – samples of retweet networks

5% random sampled retweet networks for November 15 2016
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Models for Ideological Network Dynamics

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

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

We want indegree and outdegree conditioned random networks to preserve observed heterogeneity in

individual Twitter activity levels

This is the classical random directed configuration model – H0: apathetic retweet network

NEED: distributed computing using Apache Spark (fastest growing Apache project)
Raazesh Sainudiin† Meme Evolution Programme
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7 SPLC-defined hateful 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 - do NOT account for network heterogeneity
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Chi-square tests - do NOT account for network heterogeneity

Restricting to retweeters who retweet at least 4 times
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Cut-Permute-Rewire – distributed, scalable, and fault-tolerant sampler

CutPermuteAndRewire generates sample networks from the directed multi-edged

self-looped random configuration model (Newman, Strogatz and Watts, 2001):

cutting the directed edges representing the retweets in our
observed retweet network into out-bound and in-bound half
edges,

permuting the in-bound half edges by sorting them according
to pseudo-random numbers that are generated and associated
with them and

rewiring the original out-bound half edges with the permuted
in-bound half edges using a distributed join.

The in-degree and out-degree of each node in the observed retweet network is preserved after these three steps.
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(Q1) Relative frequency of retweets by any one of the hate groups or their

leadership for any original tweet made by one of the politicians

Null distribution of the test statistic under the apathetic retweet
network model.
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(Q2) Number of unique users who retweeted a politician and a hate group at least

five times each
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(Q2) Number of unique users who retweeted a politician and a hate group at least

five times each

Null distribution of the test statistic under the apathetic retweet
network model.
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Geometric retweet network & Most retweeted Paths

On Whiteboard.

Model

Pregel Vertex programs in Apache Spark’s GraphX – Scalable
Djikstra for “Multiple landmarks to All Nodes Shortest Path
Sequences”
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Degrees of Sepration From Hate Groups

Â Cumulative percentage of the monitored Twitter population who
are within a given in-degree of separation from a politician and a
hateful Ideology.
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(Q3) Population ideological Tree & Degrees of Separation
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Significance Statement

During the 2016 US presidential election, there was significant debate on whether Donald Trump’s campaign was

fuelled by hate and bigotry toward minority groups. We analyzed nearly 22 million communication events on

Twitter to better understand the networks of retweeters of American hate groups and five key American politicians

during the late stages of the election (Donald Trump, Hillary Clinton, Bernie Sanders, Ted Cruz, and Paul Ryan).

Our data reveals that Twitter users linked to various American hate groups including Anti-Government,

Anti-Immigrant, Anti-LGBT, Anti-Muslim, Neo-Nazi and White-Nationalist were more strongly linked to Trump

over any other politician.

Raazesh Sainudiin† Meme Evolution Programme



Questions and Experimental Design
Data and Statistics

Models and Methods
Results

Transmission Processes

The Transmission Process. Sainudiin and Welch, JTB 2016

Some mathematical insights

Famous Mathematician: “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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The Transmission Process. Sainudiin and Welch, JTB 2016

Susceptible-Infected Contact Network (SICN) & Transmission Tree (TT)
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The Transmission Process. Sainudiin and Welch, JTB 2016

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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The Transmission Process. Sainudiin and Welch, JTB 2016

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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The Transmission Process. Sainudiin and Welch, JTB 2016

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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The Transmission Process. Sainudiin and Welch, JTB 2016

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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Let wn be the weighted edges of a complete weighted directed
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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?

Raazesh Sainudiin† Meme Evolution Programme



Questions and Experimental Design
Data and Statistics

Models and Methods
Results

Transmission Processes

The Transmission Process. Sainudiin and Welch, JTB 2016

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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So what? — We can do Bayesian non-parametrics by Beta-splitting mixtures over empirical SICNs/TINs
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The End
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