Topic Modeling and Social Media Political
Communications: U.S. Senate Elections in 2016

October 3, 2018

Abstract

Conventional studies of campaign communication focus primarily on indirect forms of
messaging between candidates and constituents, such as newsletters and political advertise-
ments. However, the rise of digital platforms has changed many aspects of an electoral cam-
paign’s communication strategy, allowing candidates to directly communicate with constituents
and quickly change messaging strategies. The large volume and high frequency nature of dig-
ital campaign communications make it difficult to rely on traditional content analysis method-
ologies and measurement strategies. Therefore, in this paper we propose utilizing a topic
modeling methodology to inductively discover which issues U.S. Senate candidates focus on
in their Twitter messages during 2016 election cycle. We look at the relationship between
each candidate’s messaging strategy and election outcome, finding candidates often focus on
“party-owned” issues and dynamically respond to their opponent’s messaging strategy. We
further discover that candidates who focused their digital communications on the presiden-
tial election were more likely to win office, true for both Democrat and Republican Senate

candidates during the contentious 2016 national election.
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1 Introduction

Political representation in democratic society is premised on the existence of communication be-
tween elected representatives and constituents. Regardless of whether the representatives are con-
sidered “delegates” or “trustees”, the elected official needs to understand the preferences of their
constituents (Pitkin, 1967). In order to remain in office, the elected official must constantly com-
municate with their constituents so voters can understand how elected officials represent their
interests (Fenno, 1978). Thus, to understand the nature of political representation in a democratic
society, scholars need understand the flow of information between elected officials and their con-
stituents. How much communication do elected officials have with their constituents? How much
of that information is substantive and issue-based, in contrast to information about their perfor-
mance in office? Is the information provided by elected officials clear and unambiguous, or is it
uncertain and vague (Alvarez 1997)? Finally, how have new means for digital communications

changed how politicians and candidates communicate with citizens and voters (e.g. Grimmer,

2013)?

A large body of work explores the content of conventional campaign communications, focusing
primarily on indirect forms of communication between candidates and their constituents, such as
campaign advertisements (e.g. Sides, 2006; Petrocik, Benoit, & Hansen, 2003; West, 2013) and the
communications that office-holders periodically send to constituents (for example, newsletters as
studied by Grimmer (2013)). However, given that candidates and office holders have increasingly
turned to digital means of communication to directly communicate with voters and constituents,
these studies suffer from a number of measurement and methodological issues, failing to evaluate
contemporary political communication effectively. Whether or not campaigns use digital commu-
nications simply as a way to “get out the vote” or instead focus on substantive issue topics remains
an understudied question. If candidates do focus on issues, do they focus their attention on the
same set of issues during the entirety of the race, or shift their focus based on their opponents com-

munication strategy? Furthermore, these questions naturally lead to questions about how campaign



communication strategies change dynamically in a campaign setting, as competing candidates at-
tempt to shift their messaging in an effort to control the agenda, and to sway, mobilize, or energize

potential voters.

It’s this gap in the research literature that our study hopes to fill. We collected Twitter data from
U.S. Senate incumbents and their election challengers in the 2016 election cycle. This unique
dataset lets us study which topics Senate candidates discussed during the election cycle, with a
level of granularity that is not possible with many other forms of data used to study political cam-
paign communications. Using this unique data and a topic modeling methodology, we inductively
discover which topics U.S. Senate candidates focused on during the important 2016 election cy-
cle. We use these topics to test hypotheses about how U.S. Senate candidates communicate with
voters, and find that elected officials do focus on substantive “party-owned” issues, as well as react
dynamically to their opponent’s communication strategies. However, we also find that focusing
on “party-owned” issues is not associated with a greater likelihood of electoral success, instead
discovering a correlation between winning elections and an shifting attention to the presidential

election, true for candidates in both parties.

2 Campaign Communication Strategies and Issue Ownership

The extant research on communications between incumbents, challengers, and the electorate has
been quite disparate. A large body of work on communications in campaigns focuses on how
candidates use various methods to persuade potential voters, using communication methods like
canvassing (Huckfeldt & Sprague, 1992), advertising (Spiliotes & Vavreck, 2002), direct mail
(Hassell & Monson, 2014), or text messages (Dale & Strauss, 2009). However, given that many
individuals “process information in ways that merely confirm pre-existing attitudes,” persuasion
is often an ineffectual campaign strategy (Sides, 2006, p. 409). As an alternative, candidates can

use their campaign communications to emphasize and deemphasize certain issues in a way that is



favorable to their party’s platform (Riker, 1983). The theory of “issue ownership” posits that can-
didates will choose to emphasize and associate their campaigns with issues positively associated
with their political party (Petroick, 1996). When each candidate pursues this strategy, political
campaigns can devolve into debates with opponents talking “past each other in several dimen-
sions,” with each candidate trying to make the election about their parties preferred issues instead

of debating a single set of issues (Riker, 1993, pg. 4).

A number of empirical studies examine whether political campaigns pursue communication strate-
gies consistent with the issue ownership theory. Petroick, Benoit, and Wansen (2003) analyze
the text from presidential candidate’s television commercials and acceptance speeches from 1952
through 2000, finding evidence of issue-ownership campaigning across the thirteen elections in
their sample. There is further evidence that emphasizing “party-owned” issues leads to higher
rates of electoral success in U.S. House elections (Abbe, Goodliffe, Hernson, & Patterson, 2003).
Experimental work further demonstrates that an “issue-ownership” campaign strategy is more ef-
fective in winning over voters than a “riding-the-wave-strategy,” where candidates instead focus

their advertising on issues covered in the news (Ansolabehere & Iyengar, 1994).

Despite these case studies presenting evidence of “issue-ownership” campaigning, it is unclear
whether or not campaigns pursue this strategy with their social-media communications. While
many studies observe how politicians use Twitter, early work tends to focus on general questions
of ‘how’ political candidates use the platform. These studies show that, despite early promises
that Twitter could provide a unique opportunity for two-way communications between politicians
and constituents (Grant et al. 2010), politicians rarely use Twitter in an interactive way (Gol-
beck, Grimes, & Rogers 2010; Graham, Broersma, Hazelho, & Haar, 2013; Theocharis, Barbera,
Fazekas, Popa, & Parne, 2016).! Instead, politicians tend to use tweets as “vehicles for self pro-

motion,” sharing favorable information to their constituents (Golbeck et al., 2010, pg 1612).

While this evidence indicates that politicians use Twitter as a way to share positive information

with constituents, it is unclear whether or not this information is substantive and issue-based, if



candidates tweet more frequently about “party-owned” issues, and how consistent their social me-
dia communications strategies are relative to their other modes of campaign communications. In
an interesting study that is similar to ours, Kang, Fowler, Franz, & Ridout (2018) examine issue
consistency in U.S. Senate campaigns in 2014, showing that there is some degree of consistency
in the messages that U.S. Senate candidates in that cycle between their television and Twitter com-

munications strategies.

In our current work, we test whether predictions from the “issue ownership” literature applies to
digital communication strategies by analyzing U.S. Senate campaign communications on Twitter
during the 2016 general election in the United States. We begin by analyzing the tweets from the
majority of 2016 Senate races® to discover which topics partisan campaigns generally focus on,
leading to our first testable first testable hypothesis*:

Hypothesis 1 (H1): Partisan candidates are more likely to send messages about topics their par-

ties “own.”

The “issue ownership” literature further allows us to make specific predictions about the campaign
strategies of individual Senate races. We choose to focus our analysis of individual races on five
of the most competitive U.S. Senate campaigns in the 2016 general election in the United States
(Illinois, New Hampshire, Nevada, Pennsylvania, and Wisconsin). Our decision to study the most
competitive races was driven by our interest in examining social media communication strategies
in situations where the campaigns had the strongest incentive to be prolific in their use of social
media. Observing the specifics of individual races, we test two additional hypotheses:
Hypothesis 2 (H2): Candidates utilizing a “issue-ownership” communication strategy will be
more successful in the campaign, leading to higher chances of electoral success.

Hypothesis 3 (H3): Campaign debate will be one-sided, with candidates focusing communica-

tions on their own party-issues, and not engaging in issue debates with the competing candidate.

In the next section, we discuss how we collected this Twitter data, our pre-processing scheme, and

our topic model methodology.



3 Data and Methodology

While ours is not the first work to analyze the content of candidate tweets on Twitter, most previous
studies utilize the same basic methodology: selecting a set of messages and hand coding the tweets
into different categories (e.g. Golbeck et al., 2010; Evans, Cordova, & Sipole, 2014; Graham et
al., 2014). While manually coding of tweets is an effective methodology that yields many impor-
tant insights into political communication on Twitter, relying on this method exclusively leads to
two important problems. First, manually coding documents requires a researcher to predefine the
categories they expect to find in the data, preventing a purely inductive analysis of Twitter content.
Second, hand coding documents is time and labor intensive. Given the complexities of political
communication, training coders to correctly classify messages into specific issue topics is difficult,

and effective hand-coding often comes at the expense of analyzing smaller datasets.

In contrast to these studies, our present work attempts to analyze the content of candidate tweets
in 2016 U.S. Senate contests with a completely unsupervised text analysis process; rather than
hand-coding each message as belonging to a specific category, we use a topic modeling approach
that automatically categorizes tweets based on the semantic features present in the text data. Topic
modeling is a useful approach to discovering a natural set of topics in a series of documents, and
has been a popular methodology in recent political science research (e.g. Grimmer & Stewart 2013;
Roberts et al., 2014; Roberts, Stewart & Tingley 2016). However, one issue with topic modeling
is that categories emerging from a topic model output can be difficult to interpret, often requiring

careful and thoughtful consideration.

We believe the strengths of a topic methodology outweigh the difficulties in our current study.
Relying on a purely unsupervised topic model approach allows us to analyze our data inductively,
making it possible to organically discover which topics senate candidates focus on in their cam-
paigns. This is the major strength of a topic methodology in our context: if plausible issue topics

emerge, they emerge purely as features of the Twitter content. In the rest of this section we discuss



how we acquire the Twitter data we use in our analysis, as well as how we manipulate raw text in

preparation for our subsequent topic model analysis.

3.1 Acquisition

We acquire communication data from a single social media platform: Twitter. We choose to focus
entirely on communications on Twitter for two reasons. First, Twitter has rapidly become an im-
portant medium for political conversation in the United States, for both mass and elites, so studying
studying how candidates use this medium is critical for understanding contemporary campaigning
and communication (e.g., Barberd, Jost, Nagler, Tucker & Bonneau, 2015; Panagopoulous, 2016).
Second, Twitter’s policies allow researchers to collect and analyze a user’s flow of communica-
tion (Steinert-Threlkeld, 2018). Clearly, campaigns might have different predispositions to use
social media in their communications strategies, and might approach the use of one platform (like
Twitter) differently than how they might wish to deploy a communication strategy on other social
media platforms (like Facebook). In any event, our ability to collect data from Twitter focuses our

research on how 2016 Senate campaigns used this particular social media platform.

We run our topic model on the full set of tweets from U.S. Senate campaigns where both candidates
had a Twitter presence during the entirety of the 2016 campaign. In total, we collect data from
46 total Senate candidates: 23 Republicans and 23 Democrats. While we use this large set of
campaign tweets to discover the overall topics partisan Senate candidates tweet about, in studying
the dynamics of individual races we focus our analysis on five of the most competitive states. We
choose not to run a topic model on these five races individually in order to improve the richness
of the topic model— a larger set of campaign tweets from a larger number of Senate candidates
allows our topic modeling algorithm to better determine the overall categories of communication

rather than focusing on particular idiosyncrasies of individual candidates.

Each Senate candidate we include in our sample had a public Twitter profile during the the 2016



election. We found these accounts by simply searching for users on Twitter using the candidates’
names, finding the Twitter username corresponding to each candidate. Importantly, Twitter pro-
vides a ‘verified’ status to those users in the public eye, so we can determine with certainty when
an account bearing a particular candidate’s name actually belonged to said candidate.* In some
cases, a candidate had two separate Twitter accounts: a personal Twitter account and a ‘campaign’

account. In these cases, we recorded the usernames for both accounts.

We then use this list of candidate usernames to pull from the Twitter API the set of tweets sent by
each candidate. This data collection was implemented in R with the twitteR package (Gentry,
2016). Due to limitations imposed by the Twitter API, we only pull the last 3200 tweets sent
by each candidate. For those candidate accounts with less than 3200 tweets, we can extract the
candidate’s entire Twitter history. However, even in cases where a candidate sent more than 3200
tweets, pulling the last 3200 tweets shortly after the election guarantees our sample covers the
2016 election.’ The raw data we collected included the content of the tweet and a considerable
amount of additional metadata. The metadata includes the exact date and time when the tweet was
sent, as well as information on how often the tweet message was favorited and retweeted by other

users.

3.2 Preprocessing

In order to utilize a topic modeling algorithm, we needed to preprocess the raw text into a simplified
form. Our preprocessing steps include removing the words or symbols that are irrelevant to our
analysis, as well as aggregating sets of tweets to mitigate sparsity issues that can be problematic

for topic modeling.

In more detail, we first isolate only the relevant information that we will use in our subsequent
analysis from the raw Twitter data, keeping only the timestamp, the textual content of the tweet,

retweet counts, and favorite counts. We label each tweet with the party of the Senate candidate and



eventual election outcome of its author (coding each tweet as from a Democrat or Republican, and
as from a winning candidate or a losing candidate). We further remove all extraneous information:
symbols, hashtags, punctuation, white space, hyperlinks, and stop words.® We then transform
all characters to lower case, and convert each tweet to the ASCII encoding scheme for English

characters.

Finally, we aggregated each week’s worth of a Senate candidate’s tweets to single document. This
helped mitigate the sparsity issue of topic modeling on tweets and other short documents. While
aggregating tweets to the week level prevents us from identifying the topics of individual tweets,
this is a common step when applying topic models to shorter texts (Weng et al. 2010; Hong and
Davison 2010). Finally, as the goal of our analysis is to identify a set of issue topics that were
common across each of the 2016 Senate campaigns, we removed all words and terms referring
to a specific Senate race. These race-specific words consisted mostly of proper nouns such as
candidate and place names. Due to the large number of words we could potentially remove, it was
infeasible to specify all irrelevant words before conducting the analysis. Therefore, we adopted
an iterative approach to remove race-specific words: we ran the topic model, identified the top
10 words most associated with each topic, and leveraged a domain expert’s opinion to filter out
irrelevant words. After twelve iterations of this process, coherent and meaningful topics surfaced

from the model.

3.3 The Topic Model Methodology

Topic models generally refer to statistical models that attempt to identify latent topics in text.
The general idea for topic models is that the latent topics we identify will increase the likelihood
of observing certain words. Topic models have become increasingly popular in analyzing text
in the political science literature, with these tools applied to U.S. Senate press releases (Grim-

mer, 2010), open-ended survey results (Roberts et al., 2014), and legislative speeches (Greene and



Cross, 2017).

The first step in running any topic model is specifying a corpus of interest, with a corpus repre-
senting a series of documents. In our model, an individual document represents a week’s worth of
a single senate candidate’s tweets. We define two corpora: the set of all tweets from Republican
senate candidates and the set of all tweets from Democrat senate candidates. We make this decision
based on the theory of “issue ownership,” as a common set of issue topics are likely shared across
Senate candidates of the same party. Thus, we fit two separate topic models on our corpora to un-

cover which topics that were discussed by the Republican and Democrat Senate campaigns.

There are many different approaches to estimating topics from the data we collect, including man-
ual coding and supervised machine learning. Given the size and complexity of our data, manual
coding would be very time-intensive, and supervised machine learning would require the develop-
ment of a training set. Not only would this training set be costly to develop, it would require us to
a priori specify a set of topics, preventing us from learning topics inductively. Thus, we decided to

use unsupervised machine learning for our topic modeling effort in this paper.

While there are many unsupervised topic modeling algorithms, we fit a Latent Dirichlet Allocation

(LDA) model on our corpora. In this model:

e Each document is represented by a sequence or N words W = {wy, ws, - - -, wy }, where N is

the number of words in the document.
e A corpus is a collection of M documents D = {W7, Wy, - -, Wiy }.

LDA is a model that describes a specific generating process of corpus. It assumes that all docu-
ments in a corpus share a single hyper-parameter & = {1, o, - + + , ; } that governs the Dirich-
let distribution, where k is the number of topics the model tries to discover. Every document is

generated by drawing a distribution of topics from the prior:
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9 = {01, 02, cecy, Hk} ~ DZT’(OC)

Then for each of the N words in the document, first choose a topic:

Zn ~ Multinomial(0)

Then choose a word from the assigned topic:

w, ~ Multinom:ial (ﬁzn)

where 3 is a k X V matrix, V is the total number of vocabulary in the corpus. Then the probability

of observing the corpus is

p(Dla, B) = H /P(9d|a)< H Zp(zdn|0d)p('wdn|zdn9 5))d9d

The objective of inference is to find o and 3 that maximize the probability of whole corpus.’

We fit the LDA model to senators’ tweets using R’s Gibbs sampling implementation for topic
modeling in the ‘lda’ package (Chang, 2015). The hyper-parameter « is learned through R’s built-
in optimization. The model learns a distribution over words for each topic and a distribution of
topics for each documents (weekly aggregated tweets for each senator) in the data set. In order to
determine the appropriate number of topics, we fit a varying number of topics and select the most
suitable one through extensive perceptual tests. In the end, fitting a model with ten topics led to

the most coherent set of topics.

11



4 Topic Model Results: Do Candidates Campaign on Issues?

We begin our analysis by looking at the topic model output across the each of the Democrat and
Republican Senate races. By considering the overall topics that emerge, we are able to test whether
campaigns generally focus on the substantive, issue-based talking points their party “owns,” allow-

ing us to test our first hypothesis (H1).

In order to determine the categories emerging from our topic model, we carefully look at the top
words associated with each topic and consider what overall subject or issue these words might
represent.® While this approach to determining the topic categories is rather subjective, it is a
standard step in running a topic model analysis, allowing researchers with prior knowledge of the
corpea to carefully consider what the topic words in each topic category might represent (Chang
et al., 2009). Table 1 shows the ten labels (and top ten words associated with each topic) for the
Democrat Senate candidate topic model, while Table 2 does the same for the Republican Senate

candidate topic model.
(Table One)
(Table Two)

In our topic model output, we find several well defined categories. Overall, the topic model seems
to describe the data well, with many easily recognizable political talking points emerging organi-

cally from the Twitter corpus.

In both the Democrat and Republican models, we find a number of topics that do not seem to
correspond to substantive issues, but which instead relate to campaigning in general. These topics
include thanking staff and supporters and commenting on the horse race of the political campaign.
We also see across both models a topic that seems closely related to discussing the 2016 presiden-

tial election.

12



That said, we also observe several topics related to substantive policy issues, allowing us to test
Hypothesis 1. A few of these issue topics are not clearly defined, but instead correspond generally
to a variety of national and local issues important in the 2016 election. Across both parties, we find
candidates discussing issues generally related to the Budget. Without knowing more which aspect
of the budget these tweets refer to, its difficult to say whether this constitutes a “party-owned” issue

topic.

In the remaining categories, we identify a number of important partisan issue topics. In the Demo-
crat topic model, we find a topic that is associated with Social Polices, while in the Republican
model output we observe topics corresponding to Foreign Affairs and Thanking Veterans. These
differences fit well with the theory of “issue ownership,” as social policies and the military are con-
sidered “owned” by the Democrat and Republican parties respectively (Petrocik, Benoit, & Hansen
2003). The Republican topic model also reveals a Negative Issues topic that includes employment
threats and the opiod epidemic. These general topics seem more associated with the Republican
party, with drug abuse a typical Republican issue (Petrocik et al., 2003) and employment threats

from China a particular emphasis of Trump’s 2016 campaign (Schuman, 2016).

Finally, in both topic models we find a Personal Security issue topic, which seems closely as-
sociated with the topic of crime — typically seen as a Republican topic (Petrocik et al., 2003).
Thus, we find at least one conventional “Republican” topic that is discussed by Democrats. While
this type of “issue trespassing” goes against the “issue-ownership” theory, it is sometimes a use-
ful rhetorical tool to try to re-frame high salience issues associated with the other party (Sides,

2006).

In the end, we find evidence that, in addition to using Twitter to discuss events corresponding
generally to campaigning, the Senate candidate tweets in our dataset involve topics related to sub-
stantive issue areas. While certain topics are shared across both parties, we also find evidence
that candidates focus on topics associated favorably with their party. Thus, we do find preliminary

evidence of an “issue ownership strategy,” and support for our first hypothesis (H1).

13



It is, of course, important to caveat this result. Across the ten Democrat and ten Republican topics
identified, only a few are clearly identified as “party-owned” issues. This is both a weakness and
strength of our chosen methodology. On the one hand, allowing these topics to emerge from a
purely unsupervised process allows us to inductively observe the topics candidates tweet about,
providing strong evidence these are important issues in the campaign. On the other hand, if we uti-
lized a hand-coding scheme, it is possible we would observe more cases of “party-owned” topics.

While potentially beneficial, we leave this alternative methodology to future work.

S Analysis of Competitive 2016 Senate Races

In addition to looking at the overall topics that emerge across all Democrat and Republican Senate
races, we can use our topic model results to further analyze the specific campaign communication
strategies of the five competitive senate races: Illinois, New Hampshire, Nevada, Pennsylvania,
and Wisconsin. For each Senate race, we look at the tweeting habits of the two candidates, observ-
ing which topic they focus on each week. We we first look across each of the five Senate races,
determining whether an ’issue-ownership strategy’ leads to a greater chance of electoral success,
as predicted by Hypothesis Two (H2). We then turn our attention to the dynamic communica-
tion flow within a particular race. As we predict in Hypothesis Three (H3), the campaign debate
should be largely one sided, with candidates focusing on their own party-owned issues instead of

"trespassing’ across party lines to discuss the opposing party’s topics.

5.1 Cross-Race Comparisons: Issue Campaigning and Electoral Success

In order to test the hypothesis that focusing on party-owned issues leads to greater electoral success,
we divide each of the five Senate races by the winning and losing candidates, discovering which

topics each candidate focused on during the election. We summarize summarize these results in

14



Table 3.°
(Table 3)

Overall, Table 3 provides little evidence that candidates following an “issue-ownership” were more
likely to win their senate race — only Tammy Duckworth in Illinois and Pat Tommey in Pennsyl-
vania won their Senate Race by focusing primarily on a conventional party issue. This cross-race
comparison seems to discount our second hypothesis, which posits “issue-ownership” communi-

cation strategy should lead to higher electoral success.

However, one of the interesting findings in our analysis is the apparent correlation between a
Senate candidate’s electoral success and the campaign’s communication focusing on the topic of
presidential election. Table 3 demonstrates that four of the five winning candidates (IL, NH, NV,
and WI) focused on the presidential election more than any other topic, with the remaining can-
didate (PA) focusing on the presidential election in their top three topics. The three Republican
losing candidates (IL, NH, NV) fail to tweet about the presidential election in any of their top three
conversation topics. Each of these candidates instead focus on three Republican-owned issues:

personal security, thanking veterans, and foreign affairs.
(Figure One)

While Table 3 outlines the top three topics each candidate focused on in the race, it hides the
dynamic features of our data, which is especially important in a campaign context where each
candidate can shift their message in the weeks leading up to an election. Thus, to highlight the
dynamic aspect of the shifting conversation topics in a campaign, we show in Figure 1 the time-
series of relative frequencies each candidate focused on their top three topics each week. Figure
1 shows the dynamics of the New Hampshire, Nevada, and Pennslyvania race, with the winning

candidates on the top row and losing candidates on the bottom row.!”

In New Hampshire and Nevada, it is clear the winning Democrat candidate campaigns quickly and

15



dramatically ramped up messages focusing on the presidential election as the 2016 election date
approached. The bottom row of these figures reveals a Republican candidate who did not focus
on the topic of Presidential election, with both Republican campaigns keeping their discussion of

various topics relatively constant throughout the race.

The failed Republican campaigns in New Hampshire and Nevada are contrasted with Republican
Pat Tommey’s successful Pennsylvania campaign. While in the early part of throughout the cam-
paign, he placed a lot of attention on personal security, a Republican-owned issue, starting in May
2016 his campaign began to increasingly focus on the presidential election. This not only high-
lights the importance of the presidential election as an issue topic correlated with electoral success
in the 2016 Senate race, but also demonstrates the importance in shifting issue messaging in the

weeks leading up to election day.

The results presented in this section suggest that, in the 2016 election, sending messages about
the presidential election is correlated with electoral success. Whether this is a general finding or
specific to the highly contested nature of the 2016 presidential election is beyond the scope of the
present project, but these results fail to provide clear evidence for our second hypothesis (H2): that

an issue-ownership campaign strategy is associated with a higher chance of winning office.

5.2 Intra-race Dynamics

Next, we test our third hypothesis: that campaign debate will be one-sided, with candidates fo-
cusing communications on their own party-issues instead of engaging in issue debates with the
competing candidate. As shown by the results in Figure 1, it is clear that, over the course of the
election cycle, candidates in each state’s election shifted which topics they focused on in their so-
cial media communications strategy. However, an open question is whether in each of these U.S.
Senate elections candidate were talking at each other on social media, talking past each other, or a

bit of both.
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With our weekly estimates of each candidate’s social media topics, we test for topic responsive-

ness in each state’s U.S. Senate campaign using vector autoregression (VAR). This time-series

approach, discussed in the context of economic time series modeling by Stock and Watson (2001)

and in the context of political science methodology by Freeman, Williams, and Lin (1989), lets

researchers test, with a minimal set of assumptions, how responsive an outcome in time ¢ is to

the lags of the outcome values, in our case, t — 1.!' We only use one-period lags in our analysis

because we have a relatively limited set of time-series values.

In the VAR model for each state’s U.S. Senate election, we include the weekly estimates of the

proportion of tweets, or the total set of tweets for that week, from the Democratic or Republican

candidate in that state. We only use the top three topics, as we did in the previous section. This

yields a VAR model with the following system of equations:

Y+

a1+ B1Yare—1 + BaYaze—1 + BsYast—1 + BaYaar—1 + BsYase—1 + BeYast—1 + Hare

a2 + BrYa1t—1 + BsYazt—1 + BoYast—1 + BroYasr—1 + B11Yast—1 + B12Yaet—1 + a2t
as + B13Ya1e—1 + BraYaze—1 + B1sYast—1 + Bi6Yaar—1 + Bi1rYase—1 + BisYast—1 + Hase
ay + Br9Yart—1 + B20Yaze—1 + Ba1Yast—1 + B22Yaar—1 + B23Yase—1 + B24Yaee—1 + Mrie
as + B2sYart—1 + BaeYaze—1 + BarYast—1 + B2sYaar—1 + B20Yase—1 + BaoYast—1 + Mr2t

o + B31Ya1t—1 + Bs2Yaot—1 + B33Yast—1 + B34Yaar—1 + BssYast—1 + Bs6 Yast—1 + Hrats

where d indicates the Democratic candidate in the state, r stands for the Republican candidate, ¢

for the week, 1, 2, 3 stand for the top three topics for each candidate, the o are constants in each

equation, 3 are coefficients to estimate, and the p are error terms. Thus, this VAR specification

lets us test, for example, whether the Republican candidate’s discussion of the presidential elec-

tion (assume that’s Y, in the model) is correlated with the Democratic candidate’s discussion of

the presidential election in the past week (assume that’s Y11 in the model), controlling for the

proportions of all other important social media topics. In this example, a positive estimate of 319
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is interpreted as evidence that the more the Democratic candidate tweeted about the presidential
election topic in the past period, the more the Republican candidate would tweet about the presi-
dential election topic in the next period; a negative coefficient on that same parameter is interpreted
in the opposite manner. We estimate this system of equations for each state, producing five sets of

estimates.
(Figure Two)

We summarize the results of this set of equations in Figure 2.!> We present a single figure for each
state, with the top panel presenting the top three topics for the Democratic candidate and the bottom
panel presenting the top three topics for the Republican candidate. A black arrow connecting
two topics represents a positive and statistically significant VAR estimate for that candidate/topic
lagged value (left) on the candidate/topics present value (right). A red arrow indicates a negatively
signed, statistically significant coefficient. Given our third hypothesis is only concerned with how
candidates respond to messages from the opposing campaign, in Figure 2 we only show statistically

significant results for issue responsiveness across campaigns.'?

Examination across the five panels of Figure 2 shows that the models are finding some significant
positive (black) and negative (red) associations between the amount of topic discussion in the
previous period and the current period, with a variety of associations across the campaigns in each
state. Starting with the upper left panel in Figure 2, we have the VAR results for Illinois. We
see a positive association between the Kirk (R) campaign’s discussion of personal security and
the Duckworth (D) campaign’s tweets about personal security. This seems to go against our third
hypothesis: the more the Kirk’s campaign discussed personal security, the more the Duckworth
campaign discussed this same topic in the subsequent period. However, this association does not
go in the other direction: Kirk’s campaign did not send additional messages about personal security

in response to the Duckworth campaign, in line with our third hypothesis ((H3).

Moving to the second panel at the top of Figure 2 we have the VAR results for Nevada. Here, we
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again find a degree of temporal association across the two candidates campaigns. Heck’s tweets
about personal security are positively associated with the past proportions of Masto’s tweets about
the presidential election and social policies, though oddly not Masto’s own tweets about personal
security. Masto’s tweets about personal security have a negative association with tweets from

Heck’s campaign in the last period about Congress and the budget.

The next campaign shown in Figure 2 is New Hampshire’s Senate race. In the VAR results for
New Hampshire we see only the Hassan campaign is responsive to Ayotte’s messaging, with the
proportion of tweets by Hassan’s campaign about the presidential election and events associated
with the past proportions of tweets from Ayotte’s campaign concerning personal security. The
Ayotte campaign, on the other hand, was not responsive to any of the three topics discussed by the

Hassan campaign.

The Pennsylvania results, shown in Figure 2, show no association between the McGinty (D) cam-
paign’s tweets and the Tommey (R) campaign’s tweets. However, the Toomey campaign was
responsive to the McGinty campaign, with McGinty’s tweets about the presidential election as-
sociated with more tweets from the Toomey campaign about the presidential election and less
tweets about the horse race in the subsequent period. Interestingly, we only see this significant
associations with issues related to campaigning and the presidential election, not the substantive,
issue-based topics. Thus, we see with regards to issues, both Pennsylvania Senate campaigns talk

past each other.

Finally, in Wisconsin we find a great deal of tempral association across the two campaigns. Fein-
gold’s discussion of social policies and national issues were responsive to Johnson’s past social
media messages on the presidential election and horse race. Johnson’s social media discussions
of the presidential election and horse race were responsive to Feingold’s past tweets concerning

social policies, the presidential election, and national issues.

The results in Figure 2 highlight the high level of heterogeneity across each state’s Senate cam-
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paign, making it difficult to say whether these results fully support or reject our third hypothesis.
In each race, we find some evidence that at least one campaign is influenced by their opponents
messages in the previous period. However, we also find several campaigns that show no associa-
tion between their campaign’s tweets and their opponent’s communication strategy. Furthermore,
many of the associations we do find are between issues relating to general campaigning and the
presidential election, and not party-owned issues. We thus find mixed evidence for our third hy-
pothesis: many campaigns seem to talk past each other on issues, but are often responsive to their
opponent’s messaging strategy, especially with regards to the general horse race and presidential

election.

6 Discussion and Conclusions

Political communications, in particular the communications during electoral campaigns, is increas-
ing shifting to digital and social media platforms. What competing candidates discuss on social
media applications like Twitter is understudied — a gap in the literature concerning campaigns and

elections that we hope our paper helps address.

Here present a unique approach to collecting data from U.S. Senate campaigns in the pivotal 2016
election. We analyze Twitter data collected during the 2016 election with a topic modeling method-
ology, and from this analysis we could extract a number of topics across the 2016 Senate cam-
paigns. Not surprisingly, as we were collecting our Twitter data during a highly visible and deeply
contentious presidential election, we found strong evidence that many of these Senate candidates
were using their social media communications to discuss their take on the evolving presidential

election between Trump and Clinton.

While the national political conversation about the presidential election clearly became part of the

campaign communications, the Senate candidates also used their social media platforms to discuss
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a wide array of other topics, many of which are consistent with the issues that are “owned” by their
respective political parties. For example, in a number of these election campaigns, the Democratic
candidates were focused on social issues, while Republican candidates focused on security and
foreign affairs. Thus, the results of our topic models provide important substantive results, which
make sense from a theoretical perspective — the topics that the Senate candidates are discussing in
social media are ones that are consistent with the issues that their respective parties have focused

on in recent elections.

Turning attention to the specifics of five highly competitive Senate campaigns, we examine whether
focusing on party-owned issues in a campaign was correlated with electoral successes. Going
against what we expected to find based on the issue-ownership literature, we discover little ev-
idence that campaigns focusing on party-owned issues were more likely to win elections. In-
stead, the only issue that seemed correlated with winning a Senate race was the presidential elec-

tion.

We further analyze the dynamics between campaigns in these competitive U.S. Senate races. We
find evidence that, in many cases, the topics that one campaign discusses in their social media
communications were associated with topics that their competition discussed in the past. This
demonstrates that these campaigns were reacting to each other, engaged in a sort of campaign
dialogue with the opposition. While this seems to go against the hypothesis that campaign debate
is one-sided, with candidates focusing entirely on “party-owned” issues, we find most of these
dialogues occur about issues concerning the presidential election and the general political horse
race. This type of data and analysis gives us a unique way to study political communications in

today’s complex media environment.

Methodologically, our work contributes to the growing literature using social media data to study
political and social behavior (e.g., Steinert-Threlkeld 2018; Klasnja et al. 2018). As we have
shown, using social media data like these, and our topic modeling approach, has great promise for

better understanding candidate and campaign communication strategies and dynamics. As federal,
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state, and even state legislative campaigns throughout the U.S. are increasingly relying on digital
communications strategies, we believe that researchers should turn their attention to collecting
and analyzing the data from different types of candidate campaigns, and uses these data for more
detailed comparative and longitudinal analysis. Social media data provides a rich resource for

researchers to better understand political communications.
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Notes

'Theocharis et al. (2016) posit this is because interacting with constituents increases the likelihood of impolite and

uncivil behavior, which would prove detrimental to a campaign.

2These U.S. Senate races include: Alabama, Arkansas, Arizona, Colorado, Connecticut, Florida, Georgia, Illinois,
Iowa, Kentucky, Louisiana, Maryland, Montana, New Hampshire, Nevada, North Carolina, New York, Ohio, Okla-
homa, Pennsylvania, Utah, Washington, and Wisconsin. We excluded those Senate races where one or both candidates

had a minimal or nonexistent Twitter presence.

3In Appendix A1 we test an extension of this first hypothesis, that posits that conditional on candidates sending

messages that their parties own, that these messages will elicit more positive reactions by constituents.
4See https://support.twitter.com/articles/119135 for more information on Twitter’s verified user policy.

>The Twitter histories for the five competitive races were pulled on December 15, 2016 and the other 18 races on

February 16, 2017.
6Stop words refer to words such as ‘the’ and ‘or’ which fail to contribute to the meaning of the document.
For the details on the model specification, we refer the reader to Blei (2012).

8To further validate whether the topics we identified represent what the Senate candidates were discussing, we find
the example tweets most associated with each of the topics. These example tweets are found in Table 6 and Table

7.
A more thorough analysis of each race is found in Appendix A2
19The time series for Illiois and Wisconsin are found in Appendix A1l

"1 As Freeman et al. (1989) point out, the VAR allows the researcher to “impose a relatively weak set of assumptions
on their system of equations” (844). In particular, the VAR approach allows us assume that all of the variables in our
model are endogenous, and since so much information is contained in the right-hand side specification of the model,
it’s quite likely that ordinary-least squares estimation will produce consistent and efficient estimates of the parameters
in this system of equations. The primary limitation for our purposes is that we have relatively short time series for

each of the weekly topic estimates.
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12We present in Appendix A4 the complete set of results from our simple VAR model.

13We also find evidence of positive and negative issue associations within each campaign. That is, a campaign’s past
messages about a topic are often associated with more or less messages about the same topic in the subsequent period,
demonstrating a certain degree of internal consistency in campaigns. While interesting, these results are beyond the

scope of the current work, though can be found in Appendix A4.
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Tables

Local Thanking

Staff/ Horserace | Events Petitioning
Issues

Supporters
city thanks trade statement please
SNOw great rob happy campaign
town staff campaign signing petition
roads tonight working honor help
Crews voting thank birthday sign
center early great annual facebook
thanks county voters memorial share
storm election parade wishing support
traffic thank endorsement | ceremony like
weather supporters | deals announces medical
National Social Fiscal/ Presidential | Personal
Issues Policies Budget Election Security
americans | women jobs trump proud
gun families budget donald violence
tax students economy stand protect
republicans | care business fight bill
congress health tax debate victims
supreme access energy record vets
plan college plan families safety
court workers economic endorsement | congress
president education great race military
nomination | wage businesses voted health

Table 1: Democrat Topic Words
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Thanking

Fore-ign Misc. Staff/ Thanking | Congress/

Affairs Veterans | Budget
Supporters

mustread reserve staff great budget

hearing christmas help thanks bill

watch war mobile meeting house

discuss piece office veterans tax

obama audit stop service reform

live marco county honored spending

security treasurer thank proud amendment

secretary channel find students debt

militar brown research visiting congress

defense invest courthouse | enjoyed americans

National Presidential Personal Negative Issues

Issues Election Horserace Security (employment

threats/drugs)

town government | tonight bill watch

hall hillary marco families rob

meeting great campaign protect china

obamacare | keep support help lost

city clinton election veterans record

farm work debate keep robs

guns agree thanks iran jobs

immigration | career watch support epidemic

employees | like early vets fight

students washington | rally safe fighting

Table 2: Republican Topic Words
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Winner

Loser

Ilinois

Tammy Duckworth (Dem)

1. Social Policies
2. Personal Security
3. Presidential Election

Mark Kirk (Rep)

1. Personal Security
2. Thanking Veterans
3. Foreign Affairs

New Hampshire

Maggie Hanson (Dem)

1. Presidential Election
2. Fiscal/ Budget
3. Events

Kelly Ayotte (Rep)

1. Personal Security
2. Thanking Veterans
2. Foreign Affairs

Catherine Masto (Dem)

Joe Heck (Rep)

Nevada 1. Presidential Election 1. Thanking Veterans
2. Social Policies 2. Personal Security
3. Personal Security 3. Congress/Budget
Pat Tommey (Rep) Katie McGinty (Dem)
Pennsylvania 1. Personal Security 1. Presidential Election
2. Horse Race 2. Social Policies
3. Presidential Election 3. National Issues
Ron Johnson (Rep) Russ Feingold (Dem)
Wisconsin 1. Presidential Election 1. Social Policies

2. Horse Race
3. Negative Issues

2. Presidential Election
3. National Issues

Table 3: Senate Races: Top Three Topics
Note: Party-Owned Issues Italicized

31




2016-03 2016-08

Percent

/ \\/

—_— T

2016-09
Date

National Issues — Social Policies — Presidential Election

Winning Democrat:
Maggie Hassan (NH)

T

2016-03 2016-08 2016-09

201507

201510 2016-01

Date

201604 2016-07 2016-10 201511 201602

Date

201605 2016-08

— Social Policies — Presidential Election — Personal Security — Presidential Election — Horse Race — Personal Security

Winning Democrat:

Winning Republican:
Catherine Masto (NV)

Pat Toomey (PA)

Percent
Percent

T\

201507

201510

Date

— Presidential Election - Horse Race — Negative Issues

Losing Republican:
Kelly Ayotte (NH)

2016-01
Date

201604 2016-07 2016-10 201511 201602 201605 2016-08

— Thanking Veterans — Congress/Budget — Personal Security National Issues — Social Policies — Presidential Election

Losing Republican:
Joe Heck (NV)

Losing Democrat:
Katie McGinty (PA)

Figure 1: Party Topics Over Time
Three-Month Rolling Average

32



(a) Illinois

lllinois Senate Election

Duckworth (D)

Kirk (R)

T-1 T

Note: arrows indicate significant (p<=.01) lags, black arrows for positive lags, red negative.

(c) New Hampshire

New Hampshire Senate Election

Hassan (D)

Ayotte (R) ,

T-1 T

Note: arrows indicate significant (p<=.01) lags, black arrows for positive lags, red negative.

(b) Nevada

Nevada Senate Election

Masto (D)

Heck (R) ‘v

T-1 T

Note: arrows indicate significant (p<=.01) lags, black arrows for positive lags, red negative.

(d) Pennsylvania

Pennsylvania Senate Election

McGinty (D)

Toomey (R)

T-1 T

Note: arrows indicate significant (p<=.01) lags, black arrows for positive lags, red negative.

(e) Wisconsin

Wisconsin Senate Election

Feingold (D)

Johnson (R)

T-1

Note: arrows indicate significant (p<=.01) lags, black arrows for positive lags, red negative.

Figure 2: Vector-autoregression results
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Appendices

Al. Public Reaction to Issue Tweets

In the body of our paper, we identify evidence of “issue-ownership” campaigning. Here we can
test whether or not voters seem to more favorably react to party owned topics, a trend identified in
the literature (Abbe et. al., 2003). Our hypothesis is:

Hypothesis 4 (H4): Conditional on partisan candidates being more likely to send messages about

topics their parties “own,” these messages will elicit more positive reactions by constituents.
We test this by looking at which categories of tweets received the most likes from Twitter users.

To find the likes/retweets for each topic, we utilize the topic distribution for each document ob-

tained through the LDA model. Denote IV; as the total number of likes for topic i, IV; is calculated

as follows:
j=D
N; = Z (n; * Gamma; [2])
j=1
where:

j: 1s the index of document among the entire corpus.

n;: is the number of likes for the document.

Gammay: is the topic distribution for document j.

Gamma, []: is the weights of topic i in document j, which can be interpreted as the proportion of

semantic meaning of document devoted to topic i in document j.

In Table 4, we observe the positive reaction to Democrat candidate tweets. We note that there
is a lot of similarity in the relative ranking between the topics that generate the most favorites
and the topics that receive the most retweets, which is to be expected. The top two topics that

generate the most positive response overall were not clear issue topics, but instead messages about
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Topic Favorites Topic Retweets
Presidential Election 152,039.04 Presidential Election 245,157.97
Thanking Staff 105,727.30 Thanking Staff 119,067.87
Social Policies 70,594.18 Social Policies 87,508.53
National Issues 25,615.60 Events 56,269.79
Events 22.536.54 National Issues 41,451.52
Personal Security 20,818.05 Personal Security 29,019.98
Horse Race 17,186.96 Fiscal/ Budget 25,570.21
Fiscal/ Budget 13,472.78 Horse Race 16,789.62
Petitioning 9,164.74 Petitioning 1,5740.90
Local Issues 4,937.23 Local Issues 6,501.70
(a) Favorites (b) Retweets

Table 4: Positive Response To Democrat Topics

Topic Favorites Topic Retweets
Personal Security 63,844.32 Personal Security 104,834.64
Presidential Election 23,493.57 Presidential Election  37,036.65
Thanking Veterans 19,237.54 Thanking Veterans 28,098.98
Horse Race 10,290.81 Foreign Affairs 17,074.96
Foreign Affairs 7,614.25 Negative Issues 11,510.46
Negative Issues 5,799.23 Campaign/Voting 10,998.90
Congress/Budget 4,840.41 Congress/Budget 8,557.00
Thanking Staff 3,625.27 Thanking Staff 4,798.83
National Issues 1,072.59 National Issues 2,862.15
Misc. 862.78 Misc. 2,159.87
(a) Favorites (b) Retweets

Table 5: Positive Response To Republican Topics

the Presidential election and tweets thanking staff. However, the third most popular Democrat
topic was Social Policies, a clear issue topic that is “owned” by the party. It is notable that tweets
concerning the Personal Security topic generated far fewer favorites and retweets than tweets
concerning Social Policies. As Personal Security is more typically considered a Republican-
owned issue, this result is consistent with the “issue-ownership” literature, and indicates a positive

benefit to campaigning on “party-owned” issues.

Table 5 lists the Republican topics with the most favorites and retweets. The topic that generated

the most favorites and retweets by far was the issue of Personal Security, representing nearly half
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of all favorited and retweeted messages in the Republican corpus. While tweets concerning the
presidential election generated the second highest number of favorites and retweets, tweets about
Thanking Veterans and Foreign Affairs also generated a large number of favorites and retweets.
Overall, the topics that could be identified with typically Republican-owned issues generated more

of a positive response than less clearly defined, general topics.

Overall, Tables 4 and 5 provide strong evidence that when candidates tweet about “party-owned”

issues, they generate a larger positive response amongst their constituents.

A2. State-By-State Analysis

In this appendix, we provide a more detailed analysis of the topic model results state-by-state,
analyzing the Twitter conversations of winning and losing Senate campaigns in each state. The

states that we focus our attention on in the rest of this paper are:

Illinois, where the winning Democratic candidate was Tammy Duckworth, running against

Republican Mark Kirk;

New Hampshire, with the winning Democratic candidate Maggie Hassan, and losing Repub-

lican Kelly Ayotte;

Nevada, where Democratic candidate Catherine Masto won, beating Republican Joe Heck;

Pennsylvania, with Republican Pat Toomey beating Democratic candidate Katie McGinty;

Wisconsin, where Republican Ron Johnson won over Democrat Russ Feingold.

As our goal was to compare the tweeting habits of the pair of politicians in each senate race, we
first had to deal with the fact the tweets we collect from each politician might cover different time

periods. As an example, in the Illinois senate race, we were able to collect data from Tammy Duck-
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worth extending as far back as November of 2011, while we only have data from her competitor
Mark Kirk extending to August 2014. In this case, the reason for the differential time periods re-
lates to the tweeting habits of the two politicians: Mark Kirk tweets more frequently, so pulling his
most recent 3200 tweets only goes back to late 2014, while the Tammy Duckworth’s most recent
3200 tweets go as far back as late 2011.'* In order to analyze the difference in topics over the
same time periods, we censure the politician with the earlier first tweet, only considering the time

periods where we have data for both politicians in a senate race.

For each state, we present the results from the topic models in two different ways. First, we show
a histogram of the frequency of tweets that are associated with each topic for the Democratic and
Republican candidates. This allows us to examine how much weight each campaign placed on
discussing each potential topic. Second, we give a time-series of the relative frequency a candidate
focuses on a specific topic each week. For this analysis, we only plot and analyze the top three

issues the candidate focuses on the most overall in the campaign.

Illinois Race

Beginning with Figure 3, we find the top topics for each campaign in a graphical form. Here
we can see Kirk’s heavy focus on personal security — our estimates indicate that over 65% of
his online political communications were about this topic. Kirk’s online political communications
mentioned veterans and foreign policy, and the presidential election, though to a much lesser extent
than his discussion of personal security. Duckworth’s online political communications were more
balanced, with only about 20% of the tweets we collected being classified as social policies, 15%

personal security, and 12% the presidential election.

In Figure 4 we provide the relative frequencies of each campaign’s online political communication
between the fall of 2014 and the end of the election in the fall of 2016 for the top three topics in

their communications. We see that Duckworth’s discussion of personal security began in late 2014
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and peaked in early 2015. After that point, personal security became less and less of a focus for
her communications. On the other hand, starting in early 2015 her discussion of social policies
increased, becoming the focus of her communications. The presidential campaign was a topic

discussed by her campaign after the beginning of 2016, throughout the convention period.

Kirk’s online political communication was drastically different, as seen in the right-hand panel of

Figure 4. There we see that the topic personal security was the overwhelmingly predominant topic
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in his campaign’s communication. It was by far the topic most discussed throughout the coverage
of our analysis, in particular in the late fall of 2014 through early 2015. We see very little change
over time in the relative distribution of topics that his campaign discussed in their online political

communication, in contrast to the dynamics seen in Duckworth’s communications.

New Hampshire Race

Turning attention to the New Hampshire Senate race, we see in Figure 5 that the two campaigns
focus on very different sets of issues. Hassan’s online political communications revolved heavily
around the presidential election, with roughly a third of the communication we tracked on this
topic. A set of four other topics — the budget, events, social policies, and national issues — all

received about the same amount of attention by her campaign in the 2016 election cycle.

Ayotte’s political communications, on the other hand, focus heavily focused heavily on the issue
of personal security, with just under 50% of her communication focused on this topic. The next
two most-discussed topics were thanking veterans and foreign affairs, both topics related closely

to the military.

Petitioning D National Issues

Local Issues. D Congress/Budget
Personal D
Security Negative Issues
Horse Race
Presidential
Election
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Foreign Aftairs
Events
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Presidential Personal
Election

r T
° °
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(a) Winning Democrat: Maggie Hassan (NH) (b) Losing Republican: Kelly Ayotte (NH)
Figure 5: Party Topics Distribution
Average Over 2014-08 To 2016-11

In Figure 6 we see the dynamics of both New Hampshire campaign’s online communications, from

39



the fall of 2014 through the end of the election in 2016. For the Hassan campaign, the topic distri-
bution changes considerably over the course of the election cycle. Her campaign start with a focus
on campaign events, and to some extent the budget. But by early 2016, her campaign’s discussion
of the presidential election takes over as the primary topic of online campaign communications,

becoming the primary focus of her campaign’s online communications.

However, in Ayotte’s case (the right panel of Figure 6, the topic dynamics are much less pro-
nounced. Her campaign’s online communications largely focus on personal security at the be-
ginning of the election cycle, and that stays generally true through the entire campaign. While her
campaign’s focus on personal security begins to diminish late in 2016, it is still by far the dominant
topic in her line communications, with a much higher frequency of mentions than either veterans

or foreign affairs.

60 60
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20 20
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Date Date

National Issues = Social Policies = Presidential Election = Presidential Election - Horse Race — Negative Issues
(a) Winning Democrat: Maggie Hassan (NH) (b) Losing Republican: Kelly Ayotte (NH)

Figure 6: Party Topics Over Time
Three-Month Rolling Average
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Nevada Race

Catherine Masto (Dem) and Joe Heck (Rep) were the candidates in Nevada’s U.S. Senate race. In
Figure 7, we see the top topics for both candidates. For Masto, we see that her campaign concen-
trated on the presidential election in her online communications, with nearly a third of the commu-
nications on Twitter focused on this topic. Social Policy was another focus of her communication

strategy, while the other topics did not get discussed much throughout the campaign.

On the other hand, Heck’s online political communications had a strong concentration on veterans,
as about 40% of the online communications focused on thanking veterans. His campaign also
mentioned personal security and Congress and the budget. The other topics were not mentioned

much by his campaign.

The dynamics of each campaign’s online communications are shown in Figure 8 for the top three
topics for each of the campaigns. For Masto (left panel) it’s clear that the presidential election did
not receive much attention until very late in 2015, but that by the end of the 2016 election cycle, it
dominated her campaign’s communications. The other two top topics, social policy and personal

security, do not show much variation in their focus across the campaign.

Similarly, Heck’s online communication is very stable over from late 2014 through the end of the
2016 election cycle. Veterans always is the top topic in his campaign’s online communications,
with personal security always this campaign’s secondary topic. Congress and the budget is the

third most frequently discussed topic, throughout the election cycle.

Pennsylvania Race

Next we look at the results for the U.S. Senate race in Pennsylvania, a contest involving Pat Toomey

(Republican) and Katie McGinty (Democrat).

41



Local Issues D Negative Issues I
Fiscall Budget l:l National Issues I
Horse Race
Election l
Events :l
Forign At -
Horse Race :l
Persoral CongressfBudget _
Security
Personal
Presidential Thanking
Election Veterans

05
o
0

Percent Percent

(a) Winning Democrat: Catherine Masto (NV) (b) Losing Republican: Joe Heck (NV)

Figure 7: Party Topics Distribution
Average Over 2014-08 To 2016-11
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Figure 8: Party Topics Over Time
Three-Month Rolling Average
In Figure 9, we see that much of McGinty’s political communications online involved discussion of
two topics, the presidential election and social issues. Toomey’s online political communications,

on the other hand, focused heavily on the topic of personal security, followed by issues involving

campaigning, voting, and the presidential election.

In Figure 10 we observe the moving averages of the relative proportion of discussion of the top

three topics for each campaign for the election cycle. For McGinty, early in the race social policies
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Figure 9: Party Topics Distribution
Average Over 2014-08 To 2016-11

and the presidential election had near equal emphasis, and through early 2016 social polices were

the main focus of her online communications. But after the early part of 2016, her campaign’s

online communications shifted largely to the presidential election.
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(a) Losing Democrat: Katie McGinty (PA) (b) Winning Republican: Pat Toomey (PA)

Figure 10: Party Topics Over Time
Three-Month Rolling Average

The dynamics of Toomey’s online political communications were a slightly different. In the early
stages of the election cycle, his campaign focused largely on personal security — but by the sum-

mer of 2016, we see that this emphasis on personal security falls considerably. Like his opponent,
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we see that in the by the end of 2016 his campaign’s discussion shifts heavily to the topic of the

presidential election.

Wisconsin Race

Finally, the last U.S. Senate race we examine in this paper is Wisconsin, between Democrat Russ
Feingold and Republican Ron Johnson. In Figure 11 we provide summary statistics for each cam-
paign’s discussed topics. For the Feingold campaign’s online communication, we see the campaign
did not focus on one topic exclusively, though there was a slight concentration on social policies
and the presidential campaign. On the other hand, Johnson, who was the winning candidate in
this Senate race, mainly focused on the topic of the presidential election in his campaign’s online
communications, devoting nearly 70% of his online communication strategy to discussing issues

relating to the presidential election.

Petitioning

Events

(a) Losing Democrat: Russ Feingold (WI) (b) Winning Republican: Ron Johnson (WI)

Figure 11: Party Topics Distribution
Average Over 2014-08 To 2016-11

The dynamics of these topic discussions in this race is given in Figure 12, where we show the
relative focus on the top three topics for each campaign for the entire election cycle. Early in the
election cycle, Feingold’s online communications were largely on social policies, but the presi-
dential election predominated his campaign’s online communication in the final months of 2016.

Johnson’s online communications were consistently about the presidential election, throughout the
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election cycle.
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Figure 12: Party Topics Over Time
Three-Month Rolling Average

A3. Example Tweets
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A4. Vector-autoregression results
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