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Abstract—Social Networking Sites (SNS), such as Facebook
and Twitter, are important tools for political campaigns. A
line of related work analyzed political campaigns online. The
initial efforts in analyzing campaign discourse functions relied
on human analysis, which is time consuming and does not
scale well with big data. To address these gaps, we propose
a model to detect the type of campaign topics: Policy vs.
Character, and how the public (commentators) responded to these
messages. The proposed model yielded an accuracy of 78% (Fmeasure) in detecting post type. Moreover, experimental results
show the analysis of commentators linguistic and psychological
characteristics.
Index Terms—Social Networking Sites, Political Discourse,
US Elections, Big Data, Machine Learning, Discourse Analysis,
Functional Theory, Text Classification.

I. I NTRODUCTION
Social networking sites (SNS) have progressed to a new
level in engagement and communication. Within political
arena, outlets such as Facebook and Twitter are legitimate and
paramount spaces for political participation [1]–[5]. The 2008
U.S. presidential campaign broke a new ground in campaigning strategies and public relations. President Barack Obama
was the first U.S. candidate who utilized social media outlets
as complementary tools for campaigning online. In addition
to his offline campaign, President Obama leveraged various
social media platforms such as Twitter, YouTube, Facebook,
Digg, and many others to reach out to larger communities
online [6].
President Obama’s successful campaign in 2008 opened the
door for leveraging SNS in the U.S. for political activities
and set a trend that goes beyond U.S. to other parts of the
globe. Historically, Millennials (or youth) in the U.S. have low
political engagement; however, according to the Pew Research
Center (2016), the emergence of social media has attracted
most of them to learn about elections [7]. Moreover, according
to the Pew Research Center (2019), 72% of Americans have
adopted some type of social media with little variation across
demographic characteristics like race, income, gender, education and ages 18-49; with Facebook being the most popular
platform (69% of U.S. adults) and Twitter nearly 22% [8].
The type of social media platform is a major trigger for
poltical participation. According to Williams and Gulati [9],
Facebook is popular for political campaigns as it provides
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unique features such as newsfeed and wall that show opinions
and discussions within user’s network and interest. Twitter,
the microblogging platform with unique features such as
hashtags and mentions, is one of fastest growing SNS with
330 million monthly active users1 and 20% of its daily users
are Americans2 .
Extant literature presented several studies on elections and
political engagements on SNS. Williams and Gulati [9] compared several SNS for political campaigning and concluded
that Facebook is the leading platform as it provides additional
features for mobilizing voters. In [10] Williams and Gulati
concluded that the success of a political campaign is associated
with online activities on SNS. The authors noted that the
volume of Facebook supporters might be a cogent indicator
for campaigning success. Enli and Skogerbø [11] studied
Norwegian elections and found SNS enabled “personalized
campaigning” and changed the way of how candidates and voters are communicating and engaging. Andersen and Medaglia
[12] conducted a survey to study the role of SNS in connecting
citizens with politicians in Denmark. They found nearly 57%
of respondents utilized Facebook to connect and communicate
with their favorite politician.
Numerous studies proposed methods to analyze SNS content to investigate various elements such as election outcomes,
campaigning strategies, and candidates/voters behaviors. Hong
and Nadler [13] studied the 2012 U.S. presidential elections
to understand the relationship between candidates’ online
and offline activities. They found strong association between
candidates’ Twitter activities and the number of mentions they
receive on Twitter and traditional media. Tumasjan et al. [14]
analyzed over 100,000 tweets related to 6 parties in the 2009
German federal elections to investigate the utility of Twitter
for political deliberation and its impact on the public. They
found the number of tweets (mentions) is a valid indicator of
campaign success and it reflects the traditional election polls.
They also found the sentiment of Twitter messages matches
offline public reaction.
There is substantial change in the use of SNS in the
recent U.S. elections as compared to 2008 elections. During
2020 elections, all U.S. candidates have leveraged SNS as an
1 https://www.statista.com/statistics/282087/number-of-monthly-activetwitter-users/
2 https://blog.hootsuite.com/twitter-statistics/
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TABLE I
DATASETS D ISTRIBUTION
Dataset
Facebook Posts
Twitter Posts
Comments

Trump
480
1,300
5,511,705

Sanders
531
1,192
310,992

Biden
459
867
251,840

essential channel for communication and campaigning. The
focus of our paper is to study the 2020 U.S. elections on
Facebook and Twitter to investigate the type of candidates’
messages from Functional Theory [15]–[17] perspective and
public reaction on their messages.
Functional Theory is defined as the means that political
candidates utilize to distinguish themselves and convince
voters when campaining; which could be achieved through
three functions: acclaiming, attacking, and defending [15]–
[17]. These functions occur on two broader campaign topics:
Policy, and Character. Policy topics addresses subtopics such
as past deeds, general goals, and future plans; and Character
topics accosts subtopics such as leadership ability, personal
qualities, and values/principales [18].
The initial efforts in analyzing campaign discourse functions
relied on human analysis [16], [19], [20], which is time
consuming and does not scale well when analyzing big data.
In order to address these limitations, machine learning and
data mining techniques can be employed to analyze and
classify text automatically. In this paper we propose a model
to detect the type of campaign topics on Facebook and Twitter:
Policy vs. Character. Additionally, we analyze commentators
comments on candidates posts to understand their linguistic
and psychological characteristics.
To do so, we conducted an exploratory analysis for the
official Facebook and Twitter pages of the top three U.S. presidential candidates: Donald Trump (Trump), Bernie Sanders
(Sanders), and Joe Biden (Biden). We collected over 4,800
candidates posts, and over 6 million comments on those posts
from November 1st , 2019 to February 20th , 2020.
The article proceeds in four parts. The next section describes
the methodology. The results and analysis of findings are
presented in Section III. Section IV concludes the paper and
highlight directions for future work.
II. M ETHODOLOGY
A. Dataset
Our dataset is comprised of nearly 4,825 Facebook posts and
Twitter tweets by the top three U.S. presidential candidates:
Donald Trump, Bernie Sanders, and Joe Biden; and 6,074,537
comments on those posts from the public (commentators). The
dataset spans a period of time from November 1st, 2019 to
February 20th, 2020. We developed a Python script to collect
the data from the official Facebook and Twitter pages. Table
I presents the distribution of dataset.

B. Preprocessing
Preprocessing step is applied on the raw data by removing
none textual posts and comments, as well as text that is not in
English language. Further, spam and bot-generated comments
is also removed; those comments typically follow similar
and repeated pattern such as: VOTE FOR SANDERS VOTE
FOR SANDERS VOTE FOR SANDERS, and MAGA (MAKE
AMERICA GREAT AGAIN) MAGA. Additionally, stopwords
were removed, and all words are converted into lowercase to
standardize them when applying the analysis step.
C. Post-Type Detection
To detect whether candidates posted Policy, Character, or
Mixed/Other posts on Facebook and Twitter, we build machine
learning models to detect post type as follows:
• process text by first tokenizing words using NLTK (The
Natural Language Toolkit) [21] and then apply stemming
and lemmatization utilizing Gensim [22]
• generate two groups of features by utilizing Word2Vec
[23] which is a representation of text in vector space, and
TF-IDF (Term Frequency - Inverse Document Frequency)
[24]–[26]
• experiment both three-way classification (three categories: Policy, Character, Mixed/Other) and two-way
classification (two categories: Policy, Character)
We experimented various classification models namely: neural networks classification models both Convolutional Neural
Network (CNN) as well as Multi-layer Perceptron (MLP) [27],
Linear Support Vector Regression (L-SVR), and Multinomial
Naive Bayes [28].
D. Analysis of Commentators
Once we identify post type by each candidate, we examined
how public (commentators) reacted to those posts and what
are their characteristics. We analyzed commentators comments
utilizing Linguistic Inquiry and Word Count(LIWC) [29] to
measure the linguistic and psychological indices of commentators as follows:
• measure commentators emotions such as: positive emotion, negative emotion, sadness, anxiety, and anger
• identify commentators characteristics such as tone, analytical thinking, clout, and authenticity
In LIWC, each score is measured from 0 to 100 based on
the percentage of all words in the document (the total number
of comments on each post-type). The analytical thinking measures how formal, logical, and hierarchical the writing is, and it
is important in identifying how well-educated a commentator
is [30]. Clout index measures the level of expertise and
confidence in commentator writing [31]. Authenticity measures
how authentic and honest the writing is; higher scores suggest
honest writing and lower scores suggest deceptive writing [32].
III. R ESULTS AND F INDINGS
A. Posts Annotations
Three expert coders annotated candidates posts into one
of three categories: Policy, Character, Mixed/Other. Next, we
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TABLE II
T HREE - WAY P OST-T YPE C LASSIFICATION
Classifier
CNN

MLP

Multinomial NB

Class Label

P

R

F-measure

Policy

0.68

0.68

0.68

Character

0.64

0.65

0.64

Mixed/Other

0.23

0.22

Average

0.52

0.52

Policy

0.55

0.57

0.56

Character

0.45

0.57

Mixed/Other

0.21

0.04

Average

0.40

0.39

0.39

Policy

0.51

0.61

0.56

Character

0.52

0.61

0.56

Mixed/Other

0.47

0.05

0.09

Average

0.50

0.42

0.46

TABLE III
T WO - WAY P OST-T YPE C LASSIFICATION
Classifier

Class Label

P

R

F-measure

Policy

0.79

0.80

0.80

Character

0.77

0.77

0.77

0.22

Average

0.78

0.78

0.78

0.52

Policy

0.70

0.42

0.52

Character

0.58

0.77

0.66

0.50

Average

0.64

0.60

0.62

0.07

Policy

0.56

0.34

0.42

Character

0.50

0.69

0.58

Average

0.53

0.51

0.52

CNN

MLP

Linear-SVR

TABLE IV
C OMMENTATORS E MOTIONS PER C ANDIDATE AND P OST T YPE
Post Type

Index

Trump

Sanders

Biden

Pos Emotion

4.01

3.67

3.32

Neg Emotion

2.97

2.44

2.46

Sadness

0.40

0.41

0.40

Anger

1.47

1.01

1.00

Anxiety

0.34

0.23

0.24

Pos Emotion

3.63

3.75

3.31

Neg Emotion

2.99

2.30

2.61

B. Post-Type Classification Results

Sadness

0.44

0.37

0.40

To detect post type, we experimented different classifiers as
well as features and performed both three-way classification
with three categories: Policy, Character, Mixed/Other and twoway classification with two categories: Policy, Character. To
evaluate the goodness of classifiers we utilized precision (P),
recall (R) and F-measure as evaluation metrics and we performed ten-fold cross-validation. We found Word2Vec features
outperformed TF-IDF features across all classifiers.
Table II presents the accuracies of top performing classifiers
for identifying post-type using three-way classification models
CNN, MLP, and Multinomial Naive Bayes. In this table, CNN
classifier scored the highest average F-measure score of 52%
which is 56% higher than random guess of 33.3%. In this
table we observe that most classifiers did not perform well
due to ambiguous and noisy posts in Mixed/Other category.
Thus, we experimented two-way classification using only two
categories: Policy, Character.
Table III illustrates the accuracies for identifying post-type
using two-way classification {Policy, Character} using models: CNN, MLP, and Linear-SVR. We observe that classifiers
performed well with CNN scoring the highest average Fmeasure accuracy of 78% for detecting {Policy, Character}
posts and it is comparable to annotators scores of 80%.

Anger

1.73

0.90

0.98

Anxiety

0.35

0.32

0.29

applied Fleiss’ Kappa measure to measure the reliability of
annotations among multiple coders [33] and the Kappa factor
is 0.80 which can be interpreted as “Substantial Agreement”
according to [34]. The total number of posts by all three
candidates is 4,825 distributed among the three categories
as follows: 39.7% Character posts, 43.8% Policy posts, and
16.5% Mixed/Other posts.

Policy

Character

Sadness index where Sanders commentators scored higher.
On Character posts, Trump’s commentators expressed more
Negative Emotion, Sadness, Anger, and Anxiety compared to
other candidates. Regardless of post type, we observed that
Trump’s commentators notably scored high on Anger index,
nearly double for Character posts.
Table V illustrates the results of commentators characteristics. On Policy posts, Trump’s commentators scored higher

C. Analysis of Commentators

TABLE V
C OMMENTATORS C HARACTERISTICS PER C ANDIDATE AND P OST T YPE
Post Type
Policy

Character

Table IV shows the emotions and reactions of commentators
on each candidate and post-type. On Policy posts, Trump’s
commentators scored highest scores across all indicies except
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Index

Trump

Sanders

Biden

Tone

46.77

48.06

41.96

Analytical Thinking

66.05

62.90

64.57

Clout

83.03

75.72

79.22

Authenticity

9.28

15.26

10.85

Tone

36.56

47.35

38.96

Analytical Thinking

63.51

68.12

65.46

Clout

83.09

72.78

81.69

Authenticity

8.09

19.80

8.12

scores on Analytical Thinking, and Clout indicies, which
suggests formal and logical writing with more confidence and
expertise. On Authenticity index, for both post types Trump’s
commentators scored lowest scores which suggests deceptive
writing. For both post types, Sanders commentators scored
highest scores on Authenticity index which suggest honest
writing. Moreover, on Character posts Sanders commentators
scored highest scores on nearly all indicies except Clout where
Trump’s commentators are higher.
IV. C ONCLUSION AND F UTURE W ORK
This paper presents a new way in analyzing political discourse functions and interactions on SNS. Based on machine
learning techniques, the proposed models presented promising
accuracies in detecting {Policy, Character} posts with average F-measure of 78% using Convolutional Neural Network
(CNN) and it is comparable to human accuracy of 80%.
Additionally, we also analyzed commentators comments and
presented the results of various linguistic and psychological
indices and how they differ across candidates as well as post
type. In our future work, we intend to extend this study by
analyzing text from other sources such as news and polls. We
also intend to study the evolution of US political campaigns
over decades from the functional theory point of view.
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