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Abstract of Dissertation

Three Essays on Political Polarization and Information Di�usion in Social Media

This dissertation consists of three essays about the polarization of political preferences

in social media and examines the patterns and determinants of political polarization

and the role of information di�usion in this polarization.

The �rst essay documents the patterns of political polarization on Twitter. Using

a rich panel dataset from Twitter covering the �nal four months of the 2016 U.S.

Presidential campaign period and a novel textual analysis framework to measure

time- and topic-varying individual political sentiment, we quantify people's political

preferences based on their social media reactions and sentiments towards di�erent

candidates and document a number of new stylized facts. We show that, �rst, Don-

ald Trump had a stronger in
uence on social media than Hillary Clinton based on

the numbers of favorites and retweets received from their followers; second, Trump

and Clinton focused on di�erent topics in their social media outreach with Trump

more evenly distributing tweets across topics and exhibiting some focus on border

and immigration, job creation, and fake media, while Clinton focused primarily on

women, children, family and equal civil rights issues; third, the sentiments expressed

by the candidates' followers were broadly consistent with their �nal voting decisions,

but there existed substantial heterogeneity across topics and over time; fourth, there

was a greater sentiment division associated with Donald Trump than Hillary Clin-

ton; �fth, social media users tended to adopt radical sentiment expressions toward

the conservative candidate at the beginning of the campaign, but this radicalization

shifted toward the liberal candidate in the last month of the campaign. These �nd-

ings provide new suggestive evidence on patterns of increasing political polarization

among American social media users and the underlying dimensions along which such

polarization occurs.
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The second essay examines the determinants of online political polarization and

explores the roles of political topics, demographic factors, and economic characteris-

tics such as immigration, education, unemployment, and trade exposure. By quanti-

fying topics and sentiments of each tweet and controlling for county-level demographic

and economic factors, our results suggest that: �rst, certain topics including immigra-

tion policy and border security, job creation, and women and civil rights are associated

with more dissemination and favorites than topics such as education and healthcare;

second, Americans appeared more divided in sentiments towards topics related to job

creation, border security and immigration, and women and equal civil rights than

other topics such as terrorism, education, healthcare, etc; third, demographic factors

played a key role in dividing social media users, with race, age, education, and immi-

gration status being the key factors in explaining variations in sentiments { Clinton

was more likely to receive support from young, highly educated, minority and immi-

grant friendly counties while Trump was more likely to obtain approval from counties

with the opposite characteristics; fourth, median household income, manufacturing

employment and trade exposure contribute to the sentiment divisions. Higher import

penetration and lower manufacturing employment played a signi�cant role in skew-

ing support towards conservative politicians, especially on topics related to border

and immigration, job creation, and international trade. These �ndings provide new

micro-level evidence on the relationships between online political polarization and

o�ine economic and demographic characteristics and a new avenue of research for

examining the patterns and determinants of topical polarization.

The third essay explores the role of information di�usion in forming political po-

larization. With the rising popularity of social media as the main channel of news and

information dissemination, the way people communicate and acquire information has

changed dramatically. A key question this essay explores is how information dissemi-

nates and how individuals choose to interact with their social networks across various
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content topics. Our empirical results suggest that: �rst, information di�used twice

as fast in Trump's follower networks than Clinton's; second, polarizing issues, such

as border security and immigration, job creation, and fake media helped conservative

candidates motivate more swing users to become involved; third, maximized di�usion

of information comes from mixing two types of extreme republican and democratic

leaning social media users; fourth, as closer to election day, extreme social media

users, who only followed single party politicians and typically young, male, and white

tend to replicate more information for conservative politicians while swing voters were

more likely to resend information supporting moderate politicians; and �fth, the phe-

nomenon of "Homophily", a tendency that people are more likely to associate closely

with like-minded people, holds in social media. By quantifying the interactions be-

tween individuals using an innovative gravity equation, we show that interactions

between people could be explained by the distance between their political interests

and the political ideology di�erences in their geographical states. Polarized content

also helps to increase interactions between users. Excluding the e�ect of twitter bots,

we document a large concentration of information from top sources especially as the

Election Day approached. In the last 30 days before the election, at least 70 percent

of information was disseminated from top 5-percent active users, indicating a pos-

sible exacerbated polarization through selective information sources. These �ndings

document new patterns and behaviors of social media information di�usion and its

interplay with political polarization.
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Introduction

America's political parties always have disagreements based on di�erent ideologies.

However, the year of 2016 marked the culmination of the divided American electorate.

It was a year in which Americans voted for a president who publicly proposed to build

a wall on the U.S.-Mexico border, and to pursue protectionist trade policies around the

world. It was also a year that witnessed many �erce democratic politicians push for 90

percent top tax rates and$15 per hour minimum wage bill. Since the election in 2016,

President Trump has ordered several travel bans impacting immigrants, fought the

Congress for funding his border wall, and launched trade wars with Mexico, Japan, the

EU and China. In the meantime, the Democrats started several initiatives to publicly

denounce the Republican president including the most recent e�ort to remove his

presidency through impeachment. Although these events were precipitated in 2016,

they actually came about over a long process rather than happening abruptly. By

studying the long-time evolution of language used in congressional speeches, Tabby

et al. (2016) demonstrate that partisanship remained roughly stable from 1873 to

the 1990s, but increased dramatically in subsequent years. The polarization between

American political parties is greater today than at any point in the past.

This increase in polarization extends beyond political parties and into the beliefs

of individual citizens. Recent data from the Pew Research Center (2014) show that

the ideological di�erences between liberal and conservative Americans increased by

over 300 percent from 2004 to 2014. McCarty et al. (2006) point out a long standing

strong right-forward shift within the republican party supporters, and a modest left-

forward shift within the democratic party supporters in recent decades, especially

after the 2000s. Many other publications (Iyengar et al. (2012) and surveys (American

National Election Study) have found similar results when measuring the ideological

gap among Americans.
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The simultaneous rise of partisan polarization and polarization among American

voters in the 2000s occurred while technology and the new digital media were be-

coming ubiquitous in American society. The embrace of digital technology and social

media by Americans has long-time been suspected as a key factor in driving the rise of

polarization over the past two decades. It is quite natural to blame digital technology

as it enabled politicians to vastly increase their reach to voters at minimal cost. But

the new digital media should also be perceived as a big part of the cause because safe-

guards and �lters that ensured the veracity of media reporting were simultaneously

dismantled and undermined. Much research has been undertaken to understand the

impact of new digital information outlets. By studying and summarizing over 140

publications, Jungherr (2016) concludes that most social media and politics studies

only treated social media as a tool to conduct outreach to more potential voters but

failed to evaluate the impact of social media on American political preferences. In this

dissertation, we investigate which area political polarization in the American public

is increasing and the role of social media in driving it. We shed light on the patterns

of political polarization in social media, the micro-level demographic and economic

determinants and the role of information di�usion in social network in forming the

online polarization.

These sharp divisions among politicians and the electorate are especially relevant

to economists who are trying to understand the current political and economic situa-

tion, and make accurate predictions about future public policy. For quite some time,

economists have tried hard to determine the correlation between polarization and

income inequality, as well as the growth potential of an economy. Considering the

sharp disagreements among policymakers, which complicate every committee vote,

regulatory action, and judicial ruling, understanding the source of these divisions is

very important to all economists making policy propositions. If U.S. politicians can't

work together collaboratively, or at least achieve some compromises, we may see more
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government shutdowns, voter dissatisfaction, apathy, protests, and potential violence.

Polarization represents a much more severe form of political gridlock, far above nor-

mal policy disagreements or di�erences in opinion, which is natural and healthy in a

democracy. If the polarization of U.S. political culture continues to worsen, it could

have more severe societal outcomes, such as the refusal to debate or share opinions

with one another, and increased radicalism. Polarization also represents a dangerous

trend that could exacerbate existing tension between groups with a di�erent race,

gender, economic class, religion, etc.

By collecting a novel Twitter panel dataset which covers the last four months

in U.S. presidential election period in 2016, we have several new �ndings about the

presence of political polarization on social media. Chapter 1 documents several new

time- and topic-varying stylized facts about the patterns of political polarization

among politicians and social media users in 2016. We show that, �rst, Donald Trump

had a stronger in
uence on social media than Hillary Clinton based on the numbers of

favorites and retweets received from his followers; second, Trump and Clinton focused

on di�erent topics in their social media outreach with Trump more evenly distributing

tweets across topics with some focus on the border and immigration, job creation and

fake media, while Clinton focused primarily on women, children, family and equal civil

rights issues; third, the sentiments expressed by the candidates' followers were broadly

consistent with their �nal voting decisions, but there existed substantial heterogeneity

across topics and over time; fourth, conservative candidate Donald Trump created

greater sentiment division than liberal candidate Hillary Clinton, which highlighted a

bigger polarization by Trump; �fth, social media users liked to adopt radical sentiment

expressions towards to conservative politician at �rst beginning of campaign, but

this radicalization quickly comes towards liberal candidate in the last month before

election day.

Chapter 2 examines the determinants of online political polarization. Our results
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suggest that: �rst, certain topics including immigration policy and border security,

job creation, and women and civil rights are associated with more dissemination and

favorites compared with education, healthcare; second, Americans appeared more

divided in sentiments towards topics related to job creation, border security and im-

migration, and women and equal civil rights; third, demographic factors played a key

role in dividing social media users, with race, education, immigration and age being

the key factors in explaining variations in sentiments. Clinton was more likely to re-

ceive support from young, highly educated, minority and immigrant friendly counties

while Trump was more likely to obtain approval from counties with the opposite char-

acteristics; fourth, median household income, manufacturing employment and trade

exposure contribute to the sentiment divisions. Higher import penetration and lower

number of manufacturing employment played a signi�cant positive role in skewing

support towards conservative politicians, especially in topics related to border and

immigration, job creation and international trade.

Chapter 3 explores the role of information di�usion in forming political polar-

ization. Our empirical results suggest that: �rst, information di�used twice as fast

in Trump's follower networks than Clinton's; second, polarizing issues, such as bor-

der security and immigration, job creation, and fake media helped conservative can-

didates motivate more swing users to become involved; third, maximized di�usion

of information comes from mixing two types of extreme republican and democratic

leaning social media users; fourth, as closer to election day, extreme straight-ticket

voters, who who only followed single party politicians and typically young, male, and

white, tended to replicate more information for conservative politicians while swing

voters were more likely to resend information supporting moderate politicians; and

�fth, homophily, a tendency that people are more likely to associate closely with

like-minded people, holds in social media. By quantifying the interactions between

individuals using an innovative gravity equation, we show that interactions between

4



people could be explained by the distance between their political interests and the

political ideology di�erences in their geographical states. Polarized content also helps

to increase interactions between users. Excluding the e�ect of twitter bots, we docu-

ment a large concentration of information from top sources especially as the Election

Day approached. In the last 30 days before election in 2016, at least 70 percent of

information was disseminated from top 5-percent active users, indicating a possible

exacerbated polarization through selective information sources.

These �ndings provide new suggestive evidence on the increasing political polar-

ization among Americans and the underlying dimensions, a new scope to examine

o�ine micro-level determinants and online polarization, new patterns and behaviors

of social media information di�usion and its interplay with political polarization. It

also highlights the importance of reducing polarization and policy implications to

further regulate social media platforms. To decrease the gaps between social media

users, social media companies should adopt ways to reduce the search cost of informa-

tion and encourage the diversity of opinions. They should also decrease the spread of

radical assertion and alleviate the tension between di�erent minded people. We hope

this dissertation could help people better understand the behaviors of social media

users and inspire more studies of the online polarization in the upcoming presidential

campaign at 2020.
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1 Patterns of Political Polarization in Social Me-

dia

1.1 Introduction

Political polarization, conventionally de�ned as the gap between liberals and con-

servatives, Republicans and Democrats, has become a de�ning feature of American

politics today. Data from the Pew Research Center (2014) show that in the United

States, the di�erence between median left-leaning and right-leaning population in-

creased over 300 percent from 2004 to 2014. After Donald Trump won the 2016

presidential election, many pundits described that period of time as one of the most

divisive in America's history (Matthew Gentzkow, 2016). The years leading up to

the 2016 election also witnessed an exponential increase in the use of social me-

dia, which dramatically transformed the ways in which Americans receive, share,

and disseminate news and information. While the consumption of traditional news

media declined precipitously in recent years (Stempel et al., 2000), the number of

online news consumers simultaneously soared (Gottfried and Shearer, 2016; Bialik

and Matsa, 2017).

A growing body of literature in economics and political science has been devoted to

examining political polarization; however, the patterns of political polarization online

have not been thoroughly explored. McCarty et al. (2006) highlight a rightward shift

among congressional republicans and their supporters, and a corresponding leftward

shift among congressional democratic supporters in recent decades, especially after

the 2000s. Many other publications use DW-Nominate scores developed by Pew

Research Center (a nonpartisan research institution that conducts political research

and surveys) to construct political polarization measurements, and which similarly

point to increasingly polarized political beliefs among Americans in recent decades.
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Sunstein (2001, 2009, 2017) and Pariser (2011) argue that the internet may contribute

to polarization by letting individuals only consume news from like-minded sources.

Gentzkow (2016) argues that American political polarization has increased since 1950

and the country is currently more politically divided than it has ever been. He also

notes that the recent consolidation of digital media companies has resulted in the

concentration of information and a corresponding trend of ideological polarization.

Using a dedicated meta-analysis of more than 140 papers which used Twitter data in

their research, Andres Jungherr (2016) concludes that most studies only treat social

media as a tool to better reach out to more potential voters, and thus fail to evaluate

the impacts of Twitter on American political preferences. These studies note that the

internet and social media may lead to a concentration of like-minded beliefs giving

rise to polarization, but do not provide direct evidence for an increase of political

polarization derived directly from social media consumption.

In this paper, we collected a unique Twitter panel dataset which covers the last

four months in U.S. presidential election period at 2016, and we examine the exis-

tence and patterns of polarization in social media users' political preferences. Using

several state-of-the-art Natural Language Processing (NLP) tools, we have developed

novel measures of political sentiment that vary across individuals, topics, and time.

Our analysis o�ers several unique contributions to the study of political polarization.

First, instead of relying on a comparison of discrete-choice survey-based political be-

liefs between conservatives and liberals, or binary voting outcome information, our

measure of political sentiment is continuous and multi-dimensional, re
ecting a large

spectrum of heterogeneous political views that may vary across topics. This enables

us to capture the complexity of each individual's political preferences and measure

political polarization at di�erent dimensions. Second, our tweet-based political sen-

timent analysis allows us to explore time variations within each individual and topic

and examine how individual political beliefs may be shaped by, and respond to, polit-
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ical and economic content provided by politicians and news media. Third, the broad

geographic coverage of the data enables us to examine the degree and the dimen-

sions of political polarization across the U.S. at disaggregated geographic levels, and

analyze what demographic and economic factors potentially explain the patterns of

political polarization.

Our analysis in this essay documents a number of new stylized facts including:

�rst, Donald Trump had a stronger in
uence on social media than Hillary Clinton

based on the numbers of favorites and retweets received from their respective fol-

lowers; second, Trump and Clinton focused on di�erent topics in their social media

outreach with Trump more evenly distributing tweets across topics with some focus

on fake media, job creation, and the border and immigration, while Clinton focused

primarily on women, children, family and equal civil right issues; third, the sentiments

expressed by the candidates' followers were broadly consistent with their �nal vot-

ing decisions, but there exist substantial heterogeneity across topics and over time;

fourth, conservative candidate Donald Trump created a greater sentiment division

than liberal candidate Hillary Clinton. These �ndings provide new suggestive evi-

dence for the increasing political polarization among Americans, and the potential

dimensions at which such polarization occurs.

We have divided this paper into four parts. The �rst part describes the data

sources and data structure. The second part explains the framework we used to

process text and construct variables such as topics and sentiments. The third part

reports our �ndings from reviewing the patterns of political content and sentiment

polarization. And the �nal part presents our conclusions and thoughts about potential

future work exploring these topics.
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1.2 Data

1.2.1 Twitter: the most politically active social media platform

The past few years have witnessed a decline of traditional news media and rises of

online news sites and social media platforms. The Newspaper Association of America

reports that from 2000 to 2009, newspaper advertising revenue declined by 57 percent

in real terms, and circulation fell by 18 percent. Digital media news sources have

dramatically increased in popularity. Although Twitter is believed to focus its content

on personal connections and pop culture, a recent study which compared the topics

trending on Twitter with topics from the New York Times demonstrates conclusively

that Twitter and traditional news media cover a similar range of topic categories (Lim

et al. 2011). In addition, Twitter became more popular during the run-up to the

2016 presidential election, especially after Trump and Clinton secured their respective

nominations and began campaigning against each other directly. O�cial statistics

from Twitter corporate �lings in 2019 show that about 25 percent of Americans

regularly use Twitter, and that Twitter outdoes both Facebook and Instagram as

a political in
uencer. Additionally, according to the 2018 Twiplomacy study, 187

governments and heads of state maintain an o�cial presence on Twitter. All of these

statistics point to the outsize impact social media, and Twitter speci�cally, has as a

political in
uencer in the United States.

Our data are obtained from two primary sources. One is called GNIP, a subsidiary

of Twitter Inc., and the other is a social media data collection team called Social

Feed Manager (SFM) from the George Washington University library. The former is

a paid data service owned by Twitter which helps record and document all Twitter

activities, including live streaming. While this should be the most accurate and

comprehensive Twitter data source, since many users choose to selectively delete some

of their tweets, this source might have holes of missing data. The latter service (SFM)
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uses a Twitter streaming API to continuously scrape and store Twitter activities, and

so this model should even retain tweets that are subsequently deleted by users. Justin

Littman (2018) from the SFM team at the George Washington University Library

has documented that over 20 percent of tweets originally posted one year prior were

subsequently deleted by the original posters. However, the Twitter data from the

Social Feed Manager also has limitations, as bandwidth and capacity constraints

restrict it to downloading only approximately 1 percent of all Twitter volume. We

therefore decide to merge the two datasets into one and have purged duplicate entries.

In this way, we believe that our dataset is substantial and accurate enough from which

we can draw statistically signi�cant analysis and conclusions.

Overall, our dataset contains more than four million tweets which are directly

related to either Donald Trump or Hillary Clinton's political activities between August

1 and November 30, 2016. The tweets included in the data must be either a reply

tweet to one of the presidential candidates, a tweet that mentioned one of them by

their twitter username/ID, or a tweet containing keywords such as Trump or Clinton.

This data contains not only the content of the tweets themselves, but also all of the

metadata including date and time of posting, geographic locations, and other relevant

information. In addition, we also collected Trump and Clinton's own tweets starting

from May 1, 2016 to the end of April 2017 which could be used to analyze the topics

that Trump and Clinton selected to post. In general, the data consists of over 3,000

tweets posted by Trump and Clinton and about 400,000 Twitter replies, which each

include speci�c information on the topics discussed, the sentiments expressed, and

the geographical locations of the Twitter users.
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1.2.2 Data Structure

This Section describes the structure of the data.1 The following list presents the root-

level data structures for Twitter activity (tweet, retweet, quote tweet). Note that for

retweets or quoted tweets, there are duplicate variable names such as tweet ID for

the original tweet or retweet, or the user summary for the original tweet and retweet.

The original tweet is embedded with the retweet and quoted tweet in one activity �le.

Tweet ID: A unique ID for a tweet. In detail, the format of these tweet identi�er might

be di�erent by years. So "tag" is the scheme, "search.twitter.com" is the domain for

the scheme, and 2005 is when the scheme was derived.

User: An object representing a Twitter user who tweeted. The user object refers to a

Twitter user and contains all metadata relevant to that user, including user ID, user

name, Twitter user link, display name (nickname), registration date, pro�le image

link, summary (text, self-introduction), friend count, follower count, total status post

count, Twitter time zone, veri�ed user or not, favorites count, language, location

(self-reported) and so on.

Verb: The type of action being taken by the user, including post, retweet or quote.

Generator: An object representing the utility used to post the tweet, such as an

iPhone.

InReplyTo: An object that refers to the tweet being replied to, if applicable, including

a link to that tweet.

Location: An object representing the "place" where the tweet was created. This is an

object passed through from the Twitter platform that includes state, city and, most

importantly, geo coordinates. In this paper, we use geo coordinates to identify the

zip code.

Twitter entities : The entities object from Twitter's data format, which contains lists

1For a detailed documentation of Twitter's original data format, see the Sample Payloads section
on Gnip's website to view a side-by-side comparison of the Original and Activity Stream formats.
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of urls, mentions and hashtags. Note that in quote tweets, Twitter may truncate the

values of entities that it extracts at the root level. Therefore, for retweets, retweet

Twitter entities should be examined to ensure that non-truncated values are being

used.

Link : A permanent link for the tweet.

Body: The tweet text. In a quote tweet, note that Twitter modi�es the value of the

body at the root level by adding "RT @username" at the beginning and by truncating

the original text and adding an ellipsis at the end. Thus, for retweets, an app should

look at the quote tweet body to ensure that it is extracting the non-modi�ed text of

the original tweet (being retweeted).

Posted Time: The time the action occurred, e.g., the time that the tweet was posted.

Object: An object that represents the tweet being posted or shared and contains all

of the same sessions listed above in retweet or quote tweets.

1.3 Textual Analysis Methodologies

This section discusses the methodologies used to conduct textual analysis on data

from Twitter. Several challenges arise in analyzing the social media data. The �rst

is related to topic modelling to understand and extract the meanings behind textual

data. Usually people need to extract keyword features and structuralize linguistic

texts to numerical data form. But the key questions are how to accurately create

a vector and matrix to represent its textual meanings, and reduce feature dimen-

sions since social media could contain massive dimensions of information, and cluster

similar tweets, which must �t and predict the model well with a relatively good inter-

pretability. The second type of challenge is related to measuring sentiment polarity

for short texts. There are multiple ways to measure sentiments using traditional mod-

els, but the newly developed language model in neural networks have been approved

with more advancements. We will give a simple literature review in here. The �nal
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challenge is to identify twitter bots and �lter out noisy data which is common on

social media platforms.

1.3.1 Topic Modelling

Clustering random texts by their potential similar semantic meaning is di�cult. Dif-

ferent methodologies could give confusing di�erent results as it may require signi�cant

prior domain knowledge. Gentzkow et al. (2018) summarizes several popular types

of topic modeling methods in recent economic studies, some of which can be directly

used for topic analysis in short texts, such as social media data. In this sub-session,

we will �rst review several relevant methodologies and discuss the advantages and

shortcomings of each. Then we will discuss how we tackle these challenges in our

analysis.

The �rst group of methodologies is called the dictionary-based model, which is the

simplest but most commonly used methodology without any statistics involved. Such

method is usually practiced as a dictionary of words, with each keyword (which can

be one word, a term consisted of two words, three words or more words) mapped to

one potential topic. The advantage of this methodology is that it provides good inter-

pretability because of its straight forward setup, but it requires a strong prior domain

knowledge of the data you collected. People have to know exactly the underlying

topics before analyze it. Considering usually we don't know the topic distribution

of the data in prior and don't have a completed long corpus list for large data, this

method could be biased and di�cult to implement.

The second topic modeling method is called count based model, such as proba-

bilistic latent semantic analysis (pLSA). This is the most commonly applied statistical

method, which is based on the Latent Dirichlet Allocation (LDA) model introduced

by David M. Blei (2003, 2011, 2012 and 2013). Count-based models have a wide

range of uses in topic modelling (more than 2000 citations as of 2017) and have many
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extensions depending on data type, such as hierarchical LDA (hLDA). But its re-

plying LDA model have two presumptions: �rst, each document has multiple topics

and second, each topic is a distribution over a �xed vocabulary. However, given the

use of short sentences on Twitter (less than 140 characters), LDA models may not

work well in social media data because short texts violate its �rst assumption, that

documents have distributions over several possible topics. On Twitter, each tweet

might only discuss one topic as it is too short. Our results in Figure 1 and 2 show

that the lengths of most tweets fall between 40 to 130 characters, which is obviously

too short for LDA-based topic models, as its broad application is to analyze topics

that are at least a paragraph in length.

The last group of topic modeling methodologies is machine learning based model

equipped with recent developments in natural language processing area of computer

science. Compared with previous two methods, machine learning based models con-

vert textual data to numerical data �rst and then, use various clustering models to

identify the underlying topics behind. In the �rst step, a method is called word em-

bedding is popularly used nowadays, which is a transformation method of converting

textual words into numerical vector representations. After the transformation, each

word or term (could be consisted of multiple words) would be represented as a vector

consisted of hundreds of dimensions. In that way, we could cleverly cluster words

by mathematically cluster their vectors using converging functions. We could even

further cluster sentences or paragraphs by sequencing the word vectors into sentence

matrix and comparing the similarity between the matrix to �nd out similar sentence

or paragraph. In word embedding, the most two popular methods are Word2Vec

(Mikolov et al. 2013) and Global vector representation (Pennington et al. 2014).

The main di�erence between them is that the latter is global count based which bet-

ter assigns vectors to the words by the word's occurrence within a document, while

the former is a predictive model that only studies the probability of the word showing
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up given the words on its left and right side. After word embedding, there are bunches

of vector clustering methods such as cosine function, t-SNE, K-means, Gaussian func-

tions etc.. Also, in practice, word embedding has been widely used in combination

with LDA and dictionary based methods to improve topic modelling. For example,

William Cong et al. (2018) discuss a comprehensive textual framework to combine

word embedding with LDA-based topic models.

In this paper, we use a word-embedding method (word2vec) combined with a

dictionary-based method to map topics in several steps. The �rst step is tweet data

cleaning and word tokenization. Word tokenization is a step to separate words into a

list by their underlying meaning. We tokenize each tweet into single uncased words

and remove useless and stoppage words such as \https" and emojis. We also remove

the special characters, such as mentions and hashtag symbols (marked by \" and \#",

respectively). The second step is applying word embedding to convert each word into

100-dimension vectors and use t-SNE to continuously reduce dimensions and visualize

the distance. We also have tried many other dimension-reducing methods such as k-

means, support vector machine and locality-sensitive-hashing (Williams Cong 2016)

to further cluster the words by similar vector space. But the results are not good

for methods of k-means and support vector machine. The third step was to make a

topic dictionary that is based on both the frequency of noun words and clustering

results from locality-sensitive-hashing. We also further adjusted our dictionary by

self judgement. Finally, we manually examined and adjusted the topic result for each

tweet and created a topic dummy for each tweet.2

Besides creating dummy variables for each text by topics, there are other ways

to examine the impact of topics by directly regressing sentences or documents. One

method is to use penalized based methods, such as Lasso or shrinkage, to directly

regress keywords by their occurrence and importance and eliminate the unimpor-

2For detailed explanation about topic modeling, please read the appendix.
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tant variables, although this method sometimes might create more problems to in-

terpretability. Another method is to use sequential RNNs to train topic models, as

long as you have a good training dataset and apply this model to directly predict

your �nal outcomes. But this method relies heavily on the relevant training dataset

and is also hard to explain because neural network models are black box. In general,

the key is to always accurately represent texts with numbers, reduce the dimensions

carefully, and predict the �nal outcomes precisely with a good capacity to interpret

the results.

1.3.2 Sentiment Measurement

The second analyzing dimension employed in this paper is sentiment analysis. In this

paper, we use a model called the recursive neural tensor network published by Socher

et al. (2013) and train the model on a popular open dataset from movie reviews of

IMDB released by Pang and Lee (2005).

For Twitter analysis, there are usually three types of sentiment methodology uti-

lized. The �rst is called the lexicon-based method, which works by looking at words

in isolation and giving high or low points for di�erent positive or negative words and

then summing up these points. Some famous word sentiment dictionaries are Bill

McDonald's word list, Finn Arup Nielsen's 8000 words, and lists for emoji sentiment.

But these word sentiment dictionaries lack statistics and do not work well when peo-

ple changed their tone or opinions at the end of a sentence. For example, this method

does not work well when an assertive negative word or statement is used at the very

end of a sentence; "Ms. Clinton, thank you so much for all your contributions to the

country and empowerment of women. But you are a liar."

The second type of sentiment methodology for Twitter analysis adopts the tradi-

tional one-hot method to represent each sentence as a vector of either 0 or 1 value

for each word. And it applies classic machine learning models, such as Naive Bayes
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or a Support Vector Machine to train supervised sentiment predictive models. For

example, Yuriy Gorodnichenko et al. (2018) use this traditional machine learning

technique from TextBlob which combines Naive Bayes models and emoji dictionary

to assign sentiment polarity scores between -1 and 1 to each tweet.

Although it is a big improvement from the dictionary-based method, its accuracy

still signi�cantly lags behind when compared to the third group of deep learning

models, which incorporate neural networks into the model setup. Deep learning

models bene�t from having more layers and more training data, which widens the

advantage these models have over traditional machine learning models. Among the

many papers using deep learning models to measure Twitter sentiment, recursive

neural networks (RNN) has huge advantages as it considers word sequence into model

setup. Among many literature, Socher et al. (2013) consistently outperforms other

machine learning models, especially on short texts, by an average of 10 percent in

terms of accuracy under most circumstances.

A simple explanation for why recursive neural networks work well on the short

texts found on Twitter's platform is that RNN is a sequence of neural network blocks

that are linked to each other like a chain, with each block passing a message to a

successor. With this setup, RNN analyses the word order in a sentence and can make

predictions for what words will appear based on the structure of the sentence and

word order. RNN builds a representation of whole sentences based on the sentence

structure and computes the sentiment based on how words compose the meaning of

longer phrases. In this way, the model is not as easily fooled as previous models. Our

model used from Socher et al. (2013) has demonstrated an 80.7 percent accuracy

rate on �ne-grained sentiment prediction (5-class) across all phrases and an 87.6

percent accuracy rate for the binary classi�cation of positive or negative. It is the

highest accuracy method when compared against other methods such as Naive Bayes

or bi-term Naive Bayes. In this paper, we predict the sentiment for each tweet as
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strongly positive, positive, neutral, negative, or strongly negative. An example of our

sentiment model can be seen in Figure 4.3

We also utilize two methods to aggregate the overall sentiment towards Trump

or Clinton using two scenarios in Figure 3. The �rst scenario is to separate the

Trump and Clinton datasets and calculate the overall sentiment by candidate or as

the ratio of Trump average sentiment divided by Clinton average sentiment. At the

end, we have two average sentiment levels and one sentiment ratio. Then we can

aggregate the sentiment levels by topics, time or county. However, this may cause

selection bias since people are more likely to express what they hate than what they

like on social media. Therefore, we make a second setup to eliminate this selection

bias by assuming the selection bias is symmetric across both conservative and liberal

candidates. We combine two datasets into one by treating the negative sentiment

towards to one candidate as positive sentiment towards the other candidate. In this

way, we will only have one general sentiment average and we can aggregate that

sentiment level by topic, time or county. One downside of this setup is that we lost

the ability to compare sentiment expression across candidates. But we can still use

sentiment deviation to re
ect the di�erences between individual Twitter users.

1.3.3 Image Analysis

The third method involves image analysis. Since we can download each Twitter

user's pro�le image through their links, we have employed a virtual Google cloud

server to download all relevant Twitter users' pro�le images (over 300,000 users)

and have estimated their gender, age and ethnicity. We used a well-known image

recognition model from Face++, which is the technical solution provider for digital

face-scan payments on Alipay (which is owned by Alibaba and is the world's largest

digital payment solutions company). Our results suggest that about 20 percent of

3For detailed explanation about sentiment measurement, please read the appendix.
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all Twitter users provide predictable human pictures which could be used to make

individual predictions. But one problem is that we cannot guarantee that the users

are using genuine pictures.

1.3.4 Identi�cation of Bots

The existence of Twitter bots has long been discussed and many papers have proposed

ways to �lter them out. Previous research (eg., Chu et al., 2010; Sivanesh et al., 2013;

Cook etal., 2014) documents several patterns that help distinguish bots from human

users. Some researchers and companies, such as Pew Research and Botometer use

deep learning methods to extract features and train their models in an unsupervised

environment to develop sound bot detection mechanisms. But as of now no perfect

detection method has been achieved. Some projects have deployed the latest machine

learning methods to predict bots based on account pictures, number of registered days,

tweet frequency, ratio of followers to following, or even words or styles of language

used in posts, but the results vary depending on their dataset.

In this paper, we use three criteria to decide whether a Twitter account is a bot

or human, and as long as one of them is satis�ed, we assume it is a bot. We mostly

follow the similar methodology illustrated in the paper from Yuriy Gorodnichenko

et al. (2018). First, Haustein et al. (2016) document that the average number of

daily tweets for a bot is about 5 (standard deviation = 5), while the daily average

for humans is about 2 (standard deviation = 2). After we delete the accounts whose

average post count is above 5, this �lter indicates that over 45 percent of the Twitter

users in our sample were Twitter bots, which is close to the results from a recent

publication from Matthew Hindman (2018), which documents that about 60 percent

of a random sample of all accounts are bots, using a dataset from March to April 2017.

But Yuriy Gorodnichenko et al. (2018) argues that because Twitter usage (including

the number of Twitter users and tweet volumes) in the U.S. is substantially larger
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than the global average, they raised the threshold to 15 for the U.S. Election sample,

which we think would not be much di�erent for our sample, and we show this in

the histogram �gures in Figure 5 and Figure 6. We also further test these di�erent

thresholds in table 1 and our results show a clearly consistent predicting power when

compared to voting results. In this case, we believe that taking the threshold average

of 5 daily tweets is su�cient.

Second, since the period from 03:00 to 06:00 is often generally considered as an

inactive time for humans, any active tweeting activities during this time period could

be viewed as \abnormal tweeting time." We 
ag an account as a potential bot if the

account creates at least 10 tweets during the abnormal tweeting time on a given day

for the U.S. Election sample, respectively. Abnormal tweeting time is de�ned based

on Central Time for the U.S.

Third, previous studies in computer science (e.g., Lee et al., 2010; Chu et al., 2012)

suggest that a key characteristic of bots is to repeatedly post identical messages. Thus,

we 
ag an account as a potential bot if the number of tweets with the same content

per day is 5 or more for U.S. samples.

1.4 Stylized Facts: The Patterns of Political Polarization on

Twitter

In this Section, we examine the topic distributions of Trump and Clinton tweets and

responses from their followers and present a number of stylized facts emerging from

the data to document the existence and patterns of political polarization on Twitter.

Stylized Fact 1: Information Attention : Overall, Donald Trump attracted more

attention than Hillary Clinton in terms of both the number of favorites and the number

of retweets.

We collected tweets for both Trump and Clinton starting from May 1 to April

30, 2017 and emphasize the period before the presidential election from May 1 to
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November 9, 2016. Our results suggest that Trump received more retweets (Figure

7) and favorites (Figure 8) than Clinton most of the time. October and November

2016 were the most active months for both candidates. In addition, we rescaled the

number of total favorites by dividing it by the number of total retweets to further

eliminate selection bias. But it still shows similar results in Figure 9 with Trump

leading Clinton in term of total social media responses. In Figure 10, we document

our �nding that Trump had more total followers than Clinton throughout the duration

of the pre-election period.

Stylized Fact 2: Topic Coverage: Trump and Clinton focused on di�erent topics

in their social media outreach. In general, Trump tended to distribute tweets more

evenly across topics with some focus on fake media, job creation, and border and

immigration, while Clinton focused on women, kids, family and equal civil rights.

Excluding the endorsement of other Republicans and attacks on Democrats, re-

sults in Table 3 suggest that Trump focused his tweets on topics such as criticizing

the news media, voicing his support for women, children, families and veterans, the

problems of terrorism and Russia, the Clinton email leak scandal, job creation and

wage increase plans, and ways to strengthen border security and reform the immi-

gration system. In contrast, Clinton posted more tweets focused on promoting equal

rights for women and the importance of providing a good environment for children

and families, policies related to job creation and wage increases, the importance of

reducing student debt and reforming the education system, concerns about border

security and immigration reform, and issues related to tax reform and gun control.

Such topics are broadly consistent with the respective candidates' political ideologies

and party platforms.

Our word map results in Figure 11 and Figure 12 show that Trump was more likely

to mention campaign slogans with state names, famous Republican party �gures and

Fox eNews, while associating the Democratic party with CNN, email leaking, and
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Russia and Iran issues. In both �gures, each color represents one topic. The size

of the circle represents the frequency that the word appears, and the distance is

the probability these words would appear together. Trump tended to tweet about

job creation, trade, Obamacare and family issues at the same time. Clinton linked

Democratic party �gures with state names but did not associate them with any media

or newspaper names. She attacked Trump and Republicans on their close ties to

Russia and their anti-immigration policies, including the proposed wall on the border

with Mexico. She also often discussed student loan reductions, teacher salaries and

issues related to women, children, minorities, and LGBT groups.

Our topic correlation results in Table 4 and Table 5 show that Trump was more

likely to mention border and immigration issues along with terrorism, gun control and

job topics together. Clinton often linked posts about healthcare with education, taxes

and jobs, or wage increases. She frequently discussed border and immigration issues

together with job or wage issues as well. Table 6 and Table 7 provide the top 10 most

frequently used noun-words with their total word counts found in Trump or Clinton

tweets. As can be clearly seen, Trump attacked the media much more frequently than

Clinton did. In sum, our �ndings conclude that conservative and liberal candidates

chose to focus on di�erent political topics in their social media outreach, which was

broadly re
ective of the di�erences in their political ideologies. And these di�erences

were also noted from the responses each candidate received from their followers.

Stylized Fact 3: Aggregated Sentiment: The sentiments expressed by the followers

of the presidential candidates closely matched each candidate's posts, and were broadly

consistent with the followers' �nal voting decisions

Are our sentiment results broadly consistent with �nal voting tallies and repre-

sentative of most Americans? The answer is yes. We calculate sentiment levels as

the ratio of total positive sentiments over total maximum possible positive sentiment

points based on replies to Trump and Clinton tweets, and then aggregate them to
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county level after removing bots and counties with less than 10 observations. Then

we calculate �nal voting results as the ratio of votes Trump received to votes Clinton

received.

Our results in Table 1 show a strong and broadly positive correlation between

�nal votes and sentiments expressed on Twitter across counties. We constructed the

sentiment variable as the ratio of average sentiment levels from the tweets replying

to Trump divided by the average sentiment levels from the tweets replying to Clinton

in same county. The votes variable is the ratio of actual votes received by Trump

divided by the actual votes received by Clinton in same county. Because of the way

we constructed the sentiment ratio, the amount of variation in our �nal sentiment

variable is much smaller than the variation in our actual votes ratio. That makes

our R-square quite low. We also discovered that Trump received more support than

Clinton in rural areas compared with counties in urban areas using a county map in

Figure 13.

We also compared sentiments across a variety of topics with �nal vote tallies to

explore how social media users respond to the di�erences between posts from conser-

vative and liberal candidates. We focused on eight primary topics from Republican

and Democratic candidates' tweets, as seen in Table 3. Our results in Table 2 show

that sentiments from topics such as taxes, job creation, and immigration have posi-

tive correlations with �nal votes by county, indicating a direct link. But sentiments

from topics including trade, women and family issues, gun control, healthcare and

education are not signi�cantly correlated with �nal vote tallies. Figure 14 shows the

scatter plot for the sentiment of each topic compared with all eight topic samples. It

shows that all eight topics have a positive co-movement between sentiments and �nal

vote totals. Among the topics, education is signi�cantly below the average, which

means that voters did not favor Trump's education policy.

We also examined how our sentiment results were impacted by signi�cant events
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across time. Figure 15 suggests that Clinton was ahead of Trump the majority of the

time in terms of daily sentiment levels, but the FBI investigation related to her private

email server while Secretary of State signi�cantly damaged her standing. Trump's

scandals concerning past instances of sexual harassment and insensitive racial remarks

also drove his support levels down substantially. However, both candidates were able

to weather the storm of these scandals, and received much more positive sentiment

levels in the 1-2 weeks directly preceding the presidential election. In �gure 15, the

horizontal axis represents the date from August 1 to November 30, 2016, with the

100th day representing Election Day on November 9, 2016. Blue and orange lines on

the left Axis are the aggregated daily sentiment levels with a range from 1 to 5 for

Trump and Clinton. The grey line on the right axis represents the daily sentiment

gap between Trump and Clinton.

Stylized Fact 4: Sentiment Deviation: In 2016, the Conservative candidate, Donald

Trump, created a bigger sentiment division than the liberal candidate, Hillary Clinton.

We measured the sentiment division by calculating the sentiment deviations by

county in Figure 16 based on their residents' replies to Clinton and Trump on Twitter.

We also calculated the ratio of the sentiment deviation for Trump relative to Clinton.

We de�ned sentiment deviations as the standard deviation from the reply sentiment

levels to its average mean sentiment levels in the same county. Our results in �gure

17 suggest a larger sentiment deviation created by Trump in rural areas than urban

areas.

We also aggregated the sentiment deviations by day based on Twitter users' replies

to Clinton and Trump. Our results in Figure 18 reveal that Trump created a bigger

sentiment deviation during the �nal months of the presidential campaign period, and

the gap between Trump and Clinton became larger as the election drew closer. These

�ndings provide new suggestive evidence documenting the increasing political divi-
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sions among Americans, and the role of digital mechanisms through which politicians

in
uence voters.

Stylized Fact 5: Radicalized Sentiment: Conservative candidate, Donald Trump,

drew more angry responses than Clinton in the �rst two months of the study period,

but Clinton quickly caught up in the �nal 40 days before Election Day.

To study negative sentiment levels in social media, we create short descriptive

statistics using a popular sentiment word list from Finn Nielson(2001). This word

list is a dictionary which ranks 3,000 common sentiment words from negative 5 to

positive 5. Using this word list, we calculated the average number of most negative

words (-5) per tweet replies received by Trump and Clinton. Our results in Figure 19

show that Americans became angrier and more likely to express negative sentiments as

the election drew closer. Our analysis shows that in the �rst two months of the study

period, Trump drew more extreme negative sentiment levels than Clinton. However,

the number of average negative words that Clinton received escalated dramatically

in the �nal 40 days preceding the election. For the duration of the study period, the

average negative sentiment levels for both candidates was roughly equal. We believe

this phenomenon could be seen as another strong evidence by Americans will be more

and more divided as closer to election.

1.5 Conclusion

This paper investigates the political polarization witnessed in U.S. social media. We

explore the unique patterns of sentiment and political polarization as seen on the

most politically active social media platform, Twitter.

Using a rich panel dataset from Twitter and new textual analysis methodolo-

gies, we have quanti�ed time- and topic-varying individual political sentiment levels

based on social media reactions towards di�erent candidates, and we have estab-

lished a number of stylized facts and investigated their potential underlying causes.
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We show that, �rst, Donald Trump exerted a stronger in
uence on social media than

Hillary Clinton in terms of the volume of attention he received from followers; second,

Trump created greater sentiment divisions than Clinton; third, sentiments expressed

by followers were on average consistent with �nal voting outcomes but there exists

substantial heterogeneity in political sentiments across topics and over time. Nega-

tive sentiments picked up markedly as the election drew closer, and there is a clear

upward trend for both candidates in terms of sentiment deviation, indicating that

Americans became more divided on social media as the election period progressed.

The �ndings of this paper convey important implications for the role of social

media in political polarization, given a rising global trend of populism and anti- glob-

alization. Although many scholars have debated the impact of globalization on na-

tional economies, politicians will surely continue to increase their e�orts to shape the

debate and disseminate their messages on social media platforms like Twitter in the

future. The �ndings from this paper examining the interactions between politicians

and Twitter users, and the impact of these interactions on sentiment levels, provides

a new avenue to analyze and understand the increasing polarization of Americans'

political ideologies.
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Table 1: Final votes and Twitter sentiments under di�erent bot threshold

(1) (2) (3)
VARIABLES Bot 5 Bot 10 Bot 15

sentiment 2.898*** 3.122*** 3.401***
(0.502) (0.497) (0.570)

Constant -1.491*** -1.701*** -1.966***
(0.496) (0.492) (0.564)

Observations 459 491 507
R-squared 0.058 0.063 0.070
Regression OLS OLS OLS

Notes: This table examines the relationship between our Twitter sentiment measurements

and �nal votes by various Twitter bot thresholds using county data. The dependent variable

is the �nal vote ratio (Trump over Clinton) on county level. The independent variable is

the sentiment ratio (Trump over Clinton). Bot 5, 10 and 15 are three thresholds to �lter

out Twitter accounts whose daily posts are above 5, 10 and 15 per day. Thus, we calculated

three sentiment ratios based on di�erent twitter bot thresholds. Robust standard errors

are reported in parentheses. ***, **, and * indicate statistical signi�cance at 1, 5, and 10

percent, respectively.
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Table 2: Final votes and Twitter sentiments

VARIABLES (1) (2) (3) (4) (5) (6) (7) (8)

TradeChina .0439
(.442)

BorderImmigrationn 0.166*
(0.244)

Job 0.403*
(0.305)

WomenKidsFamilyCivil 0.076
(0.341)

Tax 0.464*
(0.256)

GunControl 0.004
(0.222)

Healthcare 0.170
(0.278)

Education .023
(.208)

Constant .993*** 0.908*** 0.679** 1.028*** 0.651*** 1.094*** 0.926*** 0.929***
(.494) (0.265) (0.306) (0.364) (0.246) (0.232) (0.281) (0.221)

Observations 52 199 188 217 190 164 145 107
R-squared 0.015 0.002 0.009 0.000 0.013 0.000 0.002 0.002
Regression OLS OLS OLS OLS OLS OLS OLS OLS

Notes: This table examines relationship between Twitter sentiments and �nal votes by topics. Each topic dummy equals to 1 if the tweet
is related. The dependent variable is the �nal vote ratio (Trump over Clinton) on county level. The independent variable is the sentiment
ratio (Trump over Clinton) calculated from the reply tweets within each topic. Robust standard errors are reported in parentheses. ***,
**, and * indicate statistical signi�cance at 1, 5, and 10 percent, respectively.
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Table 3: Distributions of keywords and topics by Trump and Clinton
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Table 4: Correlations between topics mentioned by Trump

Table 5: Correlations between topics mentioned by Clinton

Notes: these tables measure the correlations between topics mentioned by politician. It shows how correlated two topics would appear
in same tweet.

30



Table 6: Top 10 words and its frequency used by topics in Trump tweets

Table 7: Top 10 words and its frequency used by topics in Clinton tweets
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Figures

Figure 1: Histogram distribution of text length for Trump tweet replies

Figure 2: Histogram distribution of text length for Clinton tweet replies

Notes: The above �gures present the distribution of the text length of reply tweets to
Trump and Clinton. It shows all tweets are shorter than 150 spaces in text, which violates
the common sense of LDA based topic model that usually applied to long text.
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Figure 3: Two scenarios to aggregate sentiments towards Trump and Clinton

Notes: Figure 3 illustrates two ways we used to calculate and aggregate sentiment scores
for Twitter tweets. The latter methods is used to combine separated sentiments towards
each politician to one single score.
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Figure 4: Sentiment Measurement Example

Notes: This �gure shows some simple examples of our sentiment estimation results.
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Figure 5: Histogram distribution of average posts per day of Trump followers

Figure 6: Histogram distribution of average posts per day of Clinton followers

Notes: these �gures show the distributions of average daily posts of Trump and Clinton
followers. It tells the potential size of twitter bot and twitter real users.
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Figure 7: Total favorites received by day

Figure 8: Total retweets received by day

Notes: these �gures plot the daily total retweets and favorites received from Trump and
Clinton's tweets.
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Figure 9: The ratio of favorites relative to total retweets by day

Figure 10: Followers for each candidate by time

Notes: Figure 9 plots the daily ratio of total favorites to total retweets by Trump and Clin-
ton. Figure 10 plots how total follower number changes by day and the red line represents
the election day of November 8, 2016.
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Figure 11: Maps of noun word clustered by topics: Trump

Notes: each color is one topic. The size of the circle represents the word frequency. The distance between distance represents the
possibility these two words show up together in same tweet.
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