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Abstract 

 
Due to the unprecedented rise of data content on social media over the last decade, an opportunity for data-based 

analysis has become a norm in the modern world. Implementing Machine Learning algorithms and Data Science 

methods virtually every industry changed. One of the most active researching areas in Machine Learning today is 

Natural Language Processing (NLP), a field of Artificial Intelligence (AI) that allows computers to read, understand, 

and deduce meaning from human languages. In this paper we applied Natural Language Processing methods and 

algorithms on two Twitter datasets collected during the US 2020 elections in order to group both users and tweets in 

multiple categories based on their support for the candidate. The purpose of this work was to establish the possibility 

to correctly classify these individuals and their individual tweets based on their aggregated opinions and to create a 

predictive classification model focusing on text analysis. As a result, we constructed, trained and tested multiple 

models that can help predict the probability of the user’s sentiment toward the candidates based on their tweets. We 

showed that in 63 % of the cases, we can present high probability of a user’s sentiment classification, according to the 

amalgamation of their tweets. 

 

 
 Keywords: Data Science; Machine Learning; Sentiment analysis; Multiclass prediction; Natural Language Processing;  

 

 

1. Introduction 
 

 

1.1 Motivation 
 

The past decade gave the rise of social networks and online media platforms resulting 

in towering amounts of online user generated data and a new level of awareness [1], 

making this the first time in history that we have aggregated amounts of opinionated 

data recorded in digital form for analysis and research.  

 

This amount of data available encouraged the researchers to develop extensive and 

more complex models as well as new and innovative use cases [2], [3] in data 

exploration and data-based predictive models.  

 

Such cases of Machine Learning algorithms together with Data Mining and analysis 

methods have initiated changes across political campaigns, referendums and 

governments [2], [4] and their processes. An example was the 2016 US elections [5], 

between the Democratic candidate Hilary Clinton and the president-elect Donald 

Trump, where he usage of social media (Facebook) data was used for a “detailed 

psychological profiles of every American voter, so that campaigns could tailor their 

pitches from person to person.” [6], thus allowing them a clear overview of the voters 

and helping them create a winning campaign.  

 

Social media platforms, such as Twitter, fundamentally changed not only the way the 

news is reported and commented, but became an important political communication 

tool [10]. There has been extensive Twitter analysis research based on user’s location 

and tweet Sentiment Analysis [3], [11] some of which will be included in this work as 

well. We will take on a fairly new approach by assigning groups based on the type of 

support that the users show for the candidates. 
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One of the focuses for this thesis is trying to understand the public mood and opinion 

towards the US 2020 election candidates, Republican current president Donald Trump 

and Democratic challenger Joe Biden, using the methods of Natural Language 

Processing and supervised Machine Learning algorithms.  

 

As the US 2020 election gave rise in economic politic uncertainty [12] and huge 

polarization between the voters, it presented a great opportunity to analyse the user 

opinions on social media.   

 

Given that Twitter is the most popular textual content social network today, and as well 

a favourite way for the now-ex president to communicate with the worldwide 

population, we have based our research on that specific social network. In order to 

analyse Twitter data, we will use techniques, models and methods such as Data 

Mining, Machine Learning and Natural Language Processing. 

 

Data Mining can be best described as the process of discovering patterns and trends in 

data [7] and can be seen as a combination of several scientific disciplines that provide 

structure, analytical insights and assistance in making data-based decisions.  

 

Machine Learning is one of the disciplines used during data analysis and involves a set 

of different methods such as regression and classification to predict future behaviour 

based on the previous state of data. It has been defined as a science as well as an art 

or a skill of making computers learn from data [8].  

 

One of the most active subfields in Machine Learning today is Natural Language 

Processing (NLP) which can be formally described as a component of Artificial 

Intelligence (AI) that enables a computer program to process input, spoken and written 

human language, and by converting it to code, successfully read, understand and 

extract meaning from it in a way that a computer can understand [9].  

 

In this work, we will explain the complete workflow necessary for a Data Mining 

analysis, which includes data processing and modification, Natural Language 

Processing methods, visualization techniques and application of predictive Machine 

Learning models with the aim of getting the probabilities for our target variables. Also, 

we will see how the predictive models can be improved and refined to be as efficient as 

possible and provide a higher level of prediction. 
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1.2 Natural Language Processing 

 

 

Natural Language Processing (NLP) is a field of Artificial Intelligence focused on 

making human language understandable to machines. It does so by combining the 

power of language and computer science to develop systems that can understand and 

extract meaning from text analysing different aspects such as semantics, syntax and 

morphology [13]. 

 

Using text vectorization, a Natural Language Processing tool, the data will be 

transformed to a format that the machines can understand and algorithms can use. 

Text needs to be processed and prepared before the vectorization can take place and 

this is done by using numerous techniques available such as tokenizing, removal of 

Stop Words, stemming and lemmatization etc. Our process will be detailed further on in 

the work where a pipeline was created in order to parse the textual content of the 

tweets. 

 

Our analysis will be focused on applying Natural Language Processing methods to text 

patterns and create classification algorithms which will successfully group the users 

based on their sentiment instead of just classifying the content that they are making. 

 

 

 

1.3 Structure 

 

In chapter 2 we will go through the objectives of this work and establish the goals that 

we want to achieve and which we will measure later.  

 

Then, in chapter number 3 - Methodology, we will explain how the analysis process 

was designed and executed, detailing every step of the process.  

 

In chapters 4 and 5, Result interpretation and Error analysis, we will look closely at the 

predictions achieved with the best model and the errors it produced in order to 

understand how the model works and what are its upsides, flaws and possible 

betterments.  

 

Lastly, in chapter 6, we will have a general overview of the work and further 

discussions on future use cases and applications of this analysis.  
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2. Objectives 
 

In this section, we will introduce our objectives and the give a quick overview of the 
results which we want to achieve and the necessary steps for it to be done. 
 
 

2.1 Objective #1   
 

Our data consists of tweets specifically concerning the US elections, which gives us an 

opportunity to gather interesting insights into the sentiments of the users on this social 

network.  

Therefore, our objective is to extract meaningful information about the opinions for 

each candidate contained in the tweets from the tweets text content that contains this 

information. This can be done by filtering the data, in regards to the specific sentiments 

and for each candidate, and using visualization techniques that will allow us to 

understand the patterns and trends from the tweets.  

 

As tweets are not solely a textual element, we have to take into consideration mentions 

(‘@’), hashtags (‘#’) and media links as separate elements in order to get meaningful 

deductions from them. Analysing these different elements will give us an overview of 

the supporters for each of the candidates and their focal points of attention.  

 

 

2.2 Objective #2  
 

Our second objective is to build a classifier that will determine if the message has a 

positive or a negative meaning. In principle this would result in 4 categories (Trump 

positive, Biden positive, Trump negative, Biden negative). However, in our case we 

have the additional neutral category, which gives rise to 9 categories shown in Table 1. 

The neutral category means that the user has neither positive nor negative opinion, or 

no opinion at all about the candidates. 

 

The methodology of class assignation, shown in Table 1, is based on the manual 

classification which has been done previously by “The Data Science and Soft 

Computing for Social Analytics and Decision Aid Group at the Universidad 

Complutense de Madrid”.  
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Classes Assigned Tweet sentiment – based on manual classification 

Biden neutral, Trump negative No significant mention of Biden, negative comments for Trump 

Trump neutral, Biden negative No significant mention of Trump, negative comments for Biden 

Supporting Biden, Trump negative Positive comments for Biden, negative comments for Trump 

Supporting Biden, Trump neutral Positive comments for Biden, no significant mention of Trump 

Supporting Trump, Biden negative Positive comments for Trump, negative comments for Biden 

Supporting Trump, Biden neutral Positive comments for Trump, no significant mention of Biden 

Neutral No significant mention of both candidates 

Negative towards both Negative comments for both candidates 

Positive towards both Positive comments for both candidates 

 

Table 1 – Class assignation methodology 

 

 

 

Newly formed classes, as shown at the left side of Table 1, will be used as a target 

variable for our multiclass prediction model where the objective will be to assign the 

probability of the user belonging to one of these new classes.  

 

The “individual tweets” dataset, as it has all 2.410 unique users, will be used as a 

training dataset where we will construct and optimize our Machine Learning prediction 

models and our “user tweets” dataset, with 188 unique users and 1.830 tweets, will be 

used as a test dataset where we will try and assign for each user the probability of 

belonging to a specific class of supporters. 

 

In order to properly assign the correct class for each unique user in the “user tweets” 

dataset, we need to take into consideration all of their tweets so the prediction is based 

on the combination of sentiment throughout all of their tweets and not on each 

individual tweet.   

 
 

2.3 Overview 
 

In summary, we have 2 objectives: 

 

• Objective number 1 is to use the conclusions derived from the classification as 

an overview of the supporters for each candidate and the focal points of their 

attention. 

 

• Objective number 2 is to show probabilities of users belonging to one of the 

above groups, one that can be used in further research and analysis [1], [3]. 
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3. Methodology 
 

In this section, we will introduce our dataset and the methodology of the analysis. We 

will continue to explain each step of the process, variable modification, feature 

construction, application and optimization of the Machine Learning algorithms and the 

interpretation of the results with error analysis.  

 

 

 
Figure 2 – Methodology process layout 

 

 

The software used for the analysis is Python, an interpreted high-level general-purpose 

programming language, currently the favourite choice for data analytics, machine 

learning, and AI thanks to its vast library ecosystem. The complete analysis has been 

performed on the Jupyter Notebook environment, which represents an open-source 

web application where Python code is executed on a local server.  
 

 

3.1 Data Introduction and Pre-processing  

 

Datasets are often incomplete, inconsistent and are prone to human errors. Data pre-

processing is a method of transforming raw data into an understandable, unified and 

more concise format, this prepares data for further processing using Python 

programming language. 

 

 

3.1.1. Data introduction 

 

Our data consists of 2 datasets with 4.754 tweets in total, based solely on the Trump-

Biden elections.  

 

With the curtesy of “The Data Science and Soft Computing for Social Analytics and 

Decision Aid Group at the Universidad Complutense de Madrid”, we have 2.410 

manually classified tweets as “Pro Trump”, “Pro Biden” and “Neutral” collected from 

different users in the period from August to November of 2020, as can be seen on the 

left side of Table 3.  

For future references we will name this dataset “individual tweets”. 
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The second dataset is an amalgamation of 2.344 tweets from 240 users, stretching 

from November 2016 to January of 2020, where the same manual classification for 

candidate sentiment was performed.  

For future references we will name this dataset “user tweets”. 

 

 

3.1.2. Pre-processing 

 

An extensive pre-processing was done to avoid errors during the analysis. The manual 

classification of the tweet consisted of understanding the textual context and the 

individuals targeted by the tweet. The media links needed to be checked in case they 

provided additional sentiment towards the candidates as well as to check if they are still 

available or not.  

 

Both datasets were then manually revised and filtered to make sure we are only using 

English language tweets and there are no tweets with illegible special characters which 

would make the work harder for the algorithm.  

 

For “user tweets” datasets we removed users which had only 1 tweet, as the mean 

number of tweets per user was 9.8, we took 5 tweets as the minimum number of tweets 

per user. Total number of tweets removed from the “user tweets” dataset is 514, and 

the total number of users removed is 52. 

 

Final version of the dataset, which we got after the pre-processing, consists of 1.830 

tweets from 188 unique users with the date range from July 2018 up to November 

2020, as shown on the right side on the Table 3. 

 

Total number of tweets that we will perform our analysis on is 4.239 with 2.597 unique 

users from both datasets.  

 

 

Information for “individual tweets” dataset Information for “user tweets” dataset 

 

 

 
 

Table 3 - Statistical information for "individual tweets" and "user tweets" dataset 
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3.2 Data processing and modification 

 

We import our dataset as .xlsx file in Python where exploratory analysis and 

modification of the data is performed. 

 

The dataset with individual tweets has columns for ‘id’, ‘created at’, ‘text’ and the 

manual classification regarding the sentiment of the tweet for Biden ‘B’ and Trump ‘T’ 

as can be seen on the left side of the Table 4 bellow.  

 

User tweets dataset with the 188 users tweet had the exact same features as the 

“individual tweets” dataset with the additional ‘user’ column, as it’s shown on the right 

side of Table 4. 

 

Individual tweets User tweets 

(2.410 manually classified tweets collected from 

different users) 
(1.831 tweets from 188 unique users) 

Features: 

• Unique user ID 

• Timestamp of the tweet 

• Tweet content 

• Manual label for Biden sentiment 

• Manual label for Trump sentiment 

Features: 

• Unique user ID 

• Username 

• Timestamp of the tweet 

• Tweet content 

• Manual label for Biden sentiment 

• Manual label for Trump sentiment 

Example: Example: 

Table 4 –Basic overview of the imported data: “individual tweets” and “user tweets” dataset 

 

 

 

In order to properly classify the users with our predictive model, we opted to merge all 

tweets for each of the unique users in the “user tweets” dataset into one conjoint text. 

This will enable us to classify the user based on the complete sentiment output of his 

tweets even thought this can cause problems, such as where the textual context of the 

tweet and the sentiments toward the candidates get mixed.  

 

It has been a discussion on how to measure the sentiment of users where out of every 

10 tweets, there has only been 1 mention for the opposite candidate and it was 

negative. It was debated that, in fact, we should consider that the user spoke 100% 

negatively about the candidate even if they only mentioned it once in 10 tweets. This 
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presents a topic for possible further discussion and betterment of the analysis. In Table 

5 we can see an example illustrating this debate and our solution.  

 

As for our analysis, user was marked with having negative or positive sentiment 

towards the candidate even if they were mention in only 1 out of 10 tweets. The 

average grade was taken for ‘B’ and ‘T’ manual classification and was subsequently 

converted to either “1” or “-1”.  

 

In Table 5 bellow on the left-hand side, we have the definition and an example of 

calculating the average sentiment for a user based on the manual classification of each 

individual tweet. We defined average sentiment for users as a sum of all manually 

classified grades (-1,0-1) divided by the number of tweets for that user.  

 

For example, user having 10 tweets, out of which 3 have been manually classified with 

negative sentiment for Biden (-1) and 7 tweets that have been manually classified with 

positive sentiment for Trump (1), will have the average sentiment -0.3 for Biden and 0.7 

for Trump. 

 

On the right-hand side, we have the definition and example of calculating the general 

sentiment for the user based on the average sentiment previously calculated. General 

sentiment is defined as a rounded average sentiment, rounded up if the average 

sentiment is positive and rounded down if the average sentiment is negative.  

 

Using the same example as before, where the user has a -0.3 average sentiment for 

Biden and 0.7 for Trump, the general sentiment for this user, applying our solution, will 

be -1 for Biden and 1 for Trump. 

 

 

 Average sentiment for users General sentiment for users 

Definition Sum of all manually classified 

sentiments for each user divided by 

the number of tweets for that user 

Using Python functions “floor” and 

“ceil”, the average sentiment is 

rounded up if positive and rounded 

down if negative. 

Example User (10 tweets): 

• 3 tweets classified as negative 

Biden (-1) 

• 7 tweets classified as positive 

Trump (1) 

 

The average sentiment for that user 

will be: 

-0.3 for Biden  

 0.7 for Trump 

 

User (10 tweets): 

• 3 tweets classified as negative 

Biden (-1) 

• 7 tweets classified as positive 

Trump (1) 

 

The general sentiment for this user 

will be: 

-1 for Biden  

 1 for Trump 

Table 5 – Calculation of general sentiment for merged tweets in “user tweets” dataset 
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The classes for the users were formed, showing the sentiment of the tweet that 

corresponds to the combination of the values from manually classified columns “B” and 

“T” shown on Table 6. 

 

 

Classes Assigned B T 

Biden neutral, Trump negative 0 -1 

Trump neutral, Biden negative -1 0 

Supporting Biden, Trump negative 1 -1 

Supporting Biden, Trump neutral 1 0 

Supporting Trump, Biden negative -1 1 

Supporting Trump, Biden neutral 0 1 

Neutral 0 0 

Negative towards both -1 -1 

Positive towards both 1 1 

Table 6 – Classes for users based on the combination of the manually classified sentiment towards the candidates 

 

 

A new column named “group” was added to both datasets in which the tweets were 

automatically assigned to their corresponding class based on the sentiment shown in 

the tweets, as can be seen on the Figure 7.  

 

 

 
Figure 7 – Class assignation for tweets depending on the manually classified sentiment  
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3.3 Text analysis 

 

Analysis and processing of the tweets was made where we dealt with removing 

punctuation, extraction of hashtags (‘#’), mentions (‘@’) and media links. After 

conversion to lower case letters, a clean (lemmatized) version of the tweet was added 

to the dataset. This analysis procedure was applied to both “individual tweets” and 

“user tweets” datasets.  

 

Stemming and Lemmatization is a Natural Language Processing technique which 

reduces the words to their root, removing the suffixes and prefixes and leaving only the 

actual stem of the word [14]. This allows us to reduce the noise in our data, reducing 

the linguistic forms to the common base of a word.  

 

For example, if we haven’t done this, words such as “wrote”, “written”, “writing” and 

“write” would count as 3 separate words, although for the purposes of our analysis, 

they all have the same base meaning and that is “write”. 

 

Difference between Stemming and Lemmatization process, as can be seen in Figure 8, 

is that Stemming can result in a stem word which actually has no meaning where a 

lemmatized word will still belong to the language and have an actual meaning. 

 

Lemmatization has proven to be slightly more accurate, although slower, than 

stemming since it considers the context of the word and converts the word to its 

meaningful base form [15]. For that reason, we opted for one word lemmatization 

conversions, whereas there are options for using multiple words (n-grams) to generate 

a common root word.  

 

 

Example word Stemming Lemmatization 

Wrote  Wrote Write 

Political Polit Political 

Damages Damag Damage 

Figure 8 – Examples of stemming and lemmatization  
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In Figure 9, we see the results of the process, converting the clean text, seen in column 

“text”, to a stemmed and lemmatized text seen in columns “stemm tweets” and “lemm 

tweets”.  

 

 

 
Figure 9 – Demonstration of text purification process and use of Stemming and lemmatization techniques 

 

 

Removing “Stop Words” is considered a routine step in the sentiment analysis. These 

are words that can be removed from our textual content without any consequences to 

the prediction model.  

 

This is done by using Natural Language Processing tools, where a list of the words for 

all global languages has been made containing these “Stop Words”. The tool would be 

then applied to the text and the “Stop Words” would be excluded in the clean version of 

the output.  

 

However, in some cases the removal of these “Stop Words” can change the meaning 

of the text [16], and given that these tweets represent a small textual representation of 

the user’s sentiment, we left these “Stop Words” in the tweets and they are a part of the 

cleaned version of the tweets. 
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3.4 Visualisation 
 

We can now explore most common tweets, mentions or any interesting variable or 
pattern noticed during the analysis. We can use visualisation techniques to identify 
outliers and any missing or faulty data as well. 
 
 

3.4.1. Overview for all tweets 

 
 
Before we move on to individual datasets, we will have a quick overview for all 4.239 
tweets and their users to introduce the datasets.  
 
As shown in Figure 10, out of our 9 possible classes, only 7 are represented in our 
data. The class “negative both” is an outlier and “supporting both” is non-existent. We 
will deal with these outliers in the future.  
 
We can see that the “neutral” tweets are by far the most common occurrence in our 
data with 2273 tweets classified as not having any sentiment towards Trump or Biden. 
The following two most popular classes are exclusive to Trump, with 738 tweets with 
“negative” sentiment toward Trump and 422 tweets with “positive” sentiment toward 
Trump with Biden neutral sentiment. The third most popular class is the class with 
“negative” Biden sentiment and no sentiment shown for Trump.  
 
 
 

 
 
 

Figure 10 – Bar plot showing class distribution for all tweets 

 

We can already conclude that Trump has a bigger presence on Twitter than Biden, 
wheatear it be with “negative” or “positive” sentiment.    
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Overall view of the support towards the candidates, as shown on the Figure 11 and 12 

bellow, is distributed equally, with “neutral” tweets as the most common occurrence, 

making it over 80% of the cases for Biden and almost 70% for Trump.  

 

Another interesting fact is that both candidates have more “negative” than “supportive” 

tweets. As shown in Figure 10, Biden has 7% positive tweets and 12% negative 

sentiment tweets with 3.433 Biden tweets marked as “neutral” 

 

            

Figure 11 - Count plot showing support distribution for Biden in all tweets 

 

As for Trump, 2.914 tweets were marked as “neutral” with 12% positive and 19% 

negative sentiment tweets, as shown in Figure 12. 

 

            

Figure 12 - Count plot showing support distribution for Trump in all tweets 

 

With Trump having 797 tweets marked as “negative” and 528 marked as “positive” and 

Biden having 512 tweets marked as “negative” and 294 as “positive”, we can conclude 

that Trump has tweets showing more extreme sentiment than Biden. 
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The vast majority of our tweets is coming from October and November 2020, as shown 

on the Figure 13. 

 

We can see a gradual increase in October and the peak on 3rd of November, when the 

actual election took place and the vote count was in session. At that point, Trump 

“supportive” tweets were the most popular ones for the first time in our dataset, 

followed closely by the “negative” Trump tweets. Biden tweets were the least popular 

tweets at that peak on November 3rd. 

 

We see that Trump had a much larger tweet count both “supportive” and “negative” 

than Biden. At the highest point Trump had 168 “supportive” tweets and 122 “negative” 

tweets, where Biden had 96 “negative” and 76 “positive” tweets. 

 

 

 
 

Figure 13 – “Supportive” and “Negative” tweet count over time for both candidates 

 

 

Although the “negative” tweets regarding Trump remained at almost the same level 

after the peak, the “negative” tweets regarding Biden fell and then experienced a new 

rise.  

 

Supportive tweets for both candidates fell after the peak, with Trump tweets still 

significantly above the Biden “supportive” tweets. 
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3.4.2. Most Common Words 

 

Analysing the most common words for tweets with “wordcloud” gave us an interesting 

insight in the topics of the voters, as shown In Figures 14 and 15.  

 

Trump supporters were very focused on the legality of the elections with most popular 

tweets like “rigged election”, and “givebacktrumpvotes” and Biden negative tweets had 

a very strong focus on linked individuals such as Kamala Harris, Barack Obama and 

Hunter Biden.  

 

 

Most common words in negative tweets - 

TRUMP 

Most common words in positive tweets - 

TRUMP 

  

Figure 14 – Most common used words in tweets with negative and positive sentiment regarding Trump 

 

 

Most common words in negative tweets - 

BIDEN 

Most common words in positive tweets - 

BIDEN 

  
Figure 15 - Most common used words in tweets with negative and positive sentiment regarding Biden 
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3.4.3. Most Mentions – “@” 

 

Most “mentions – @” in tweets were Biden and Trump for both datasets, which was to 

be expected, but interestingly Biden supporters were much more inclusive of other 

individuals than Trump supporters in their tweets.  

 

Individual tweets 

 

 

User tweets 

 

 
Figure 16 – Most mentions in Trump tweets in “individual tweets” tweets (top) and “user tweets” (bottom) dataset 

 

 

As seen in Figure 16, Trump supporters feature significantly Donald Trump with Biden 

as second most popular but with the ratio 5:1. Other prominent mention in both 

datasets is the Breitbart news, a far-right syndicated news which leaned heavily on the 

Trump campaign.  

 

We can see some inconsistencies as well, where in the “individual tweets” dataset the 

term FLOTUS (First Lady Of The United States), signifying the wife of the now-ex 

president Trump - Melania Trump, was the 3rd most popular mention, does not even 

show in the “user tweets” dataset. 
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As for the Biden supporters, as shown in Figure 17, in the “individual tweets” – Joe 

Biden is the most popular mention ahead of Donald Trump, where in the “user tweets” 

we see again Donald Trump ahead of Joe Biden. 

 

Both dataset feature often Kamala Harris, which is now the first woman to be elected 

as vice president in the US history and was the 3rd most popular mention. 

 

Other prominent mentions are ex-president Barack Obama, for which Joe Biden 

performed the duty as vice-president for two terms during 2008 – 2016 period, Douglas 

Emhoff, the husband of Kamala Harris and now the first gentleman of US, and Lady 

Gaga, an artist which was very vocal about the Biden campaign and performed at the 

inauguration. 

 

Individual tweets 

 

 

User tweets 

 

 
 

Figure 17 – Most mentions in Biden tweets in “individual tweets” tweets (top) and “user tweets” (bottom) dataset 
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3.4.4. Media Links 

 

Media links appeared to be too ambiguous and most of the time inaccessible, so they 

will not be included in the analysis. This does represent a drawback, given that media 

links are sometimes the main focus of the tweet and are crucial for understanding the 

sentiment of the tweet. In Figure 18 we can see the distribution of tweets with and 

without the media links in both datasets. 

 

Individual tweets User tweets 

 
 

Figure 18 – Number of tweets with Media links in “individual tweets” and “user tweets” dataset & their percentage 

 

3.4.5. Target class distribution – user groups 

 

Visualizing the new made column ‘groups’ in Figure 19 and 20, where the assigned 

classes are sorted based on the number of users, we have an important overview of 

the class distribution and possible outliers for both datasets. 

 

Individual tweets 

 
Figure 19 – Bar plot showing class distribution on “individual tweets” 
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User tweets 

 
Figure 20 – Bar plot showing class distribution on “user tweets” datasets 

 

We could see in Figure 19 and 20 that the ‘negative both’ group is an outlier in the 

“individual tweets” dataset and the ‘supportive both’ is non-existent in both, so we 

removed the two groups from both datasets, as they would not be representative 

enough to make an impact to the analysis. 

 

As this is a competitive election between two candidates, these two outlier groups are 

to be expected and prove to show that the data is mirroring what we saw in real life, as 

the majority of users formed one sided opinion on the candidates.    

 

After modifying our user groups, we still have an imbalanced classification problem. An 

imbalanced classification problem is an example where the distribution of data across 

our classes is biased or skewed. The distribution might vary from a severe bias to a 

very slight bias, where we could have a ratio of one datapoint for the minor class 

against hundreds or thousands of datapoints in the major class or classes. 
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3.5 Solving imbalance class problem 

 

 

 

Imbalanced classes represent a challenge for our predictive models, as the algorithms 

were designed around the assumption of an equal number of datapoints for each of the 

classes. This will result in a model that will either ignore the minor classes or have a 

very bad predictive performance for them.  

 

We will use SMOTE (Synthetic Minority Oversampling Technique) technique and 

stratify sampling method (proportional division of data) to make a balanced distribution 

and fill in the minority classes in the training set when fitting our prediction models.  

 

SMOTE technique is a type of data augmentation that synthesizes new samples from 

the existing ones selecting samples in the minority class and duplicating them. As a 

result, no new information is brought to the dataset and the distribution between the 

classes is balanced [17]. 

 

Advantages of using this technique than just regular resampling, which would in turn 

replicate the same instances of minority classes, is that it avoids overfitting of the 

model, as the new data is not replicated but rather generated to mimic the minority 

classes. This would in turn, avoid the model to just “learn” the replicated training data 

and cause overfitting. Advantage over the under-sampling, which would remove the 

data from the majority classes until the distribution is balanced, is that we don’t lose 

any useful information. 

 

However, the major disadvantage is that we are generating more noise in our data 

which can then affect the performance of the model. 

 

 

 

 

3.6 Machine Learning algorithm application and optimization 
 

 

After the data has been modified and outliers have been removed, we need to prepare 

the data for Machine Learning model application. This means having the data in correct 

format so that the algorithms can learn and make predictions based on it.  

 

Once we have our data prepared, we can start applying different algorithms and 

optimizing the hyperparameters in order to achieve the best performance of the 

prediction models possible. 
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3.6.1. Overview 

 

We need to split our data into training and test datasets so that our model can avoid 

overfitting and can be evaluated appropriately on the test dataset.  

 

The objective of this work was to classify the users with the merged tweets from the 

“user tweets” dataset, meaning that “user tweets” represents our test dataset where 

“individual tweets” represent our training dataset.  

However, the “user tweets” dataset have their users with tweets merged as to the 

“individual tweets” dataset where we have only one tweet per user, making the 

prediction altogether simpler without the problem of losing context of the tweets or 

mixing sentiments toward the candidates.  

 

We decided that we should perform the test on both of our datasets, both “individual 

tweets” and “user tweets” so we can have a good overview of the best performing 

model. We will train and test the models on the “individual tweets” dataset first, splitting 

it into train and test sets and afterwards they will be tested then on the “user tweets” 

dataset.   

Consistent good performance on both datasets will be the factor on which we will 

choose the best model. 

 

 

 

3.6.2. Data Preparation 

 

A pipeline was created (Figure 21 and 22) where TF-IDF Vectorizer will be fitted 

transforming our lemmatized word list to feature vectors, SMOTE technique will be 

applied on the classes and where finally the model would be trained and tested. 

 

TF-IDF (Term Frequency — Inverse Document Frequency) reflects how relevant a 

word is in each document and is used to transform text into a meaningful 

representation of numbers which is mandatory to fit Machine Learning algorithms for 

prediction. 

 

Among other techniques for transforming text to a proper format there is a “bag of 

words” method, which is a set of vectors representing the count of words in the 

document not taking into consideration their importance and adding weights to the 

words, like TF-IDF method. In this work we focused on the usage of TF-IDF as the core 

transformation methodology for the analysis. 

 

As per our newly formed classes, this represents a multiclass classification problem, so 

the parameters for each algorithm will be set accordingly.  
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Figure 21 – Model application process methodology 

 

 

 
Figure 22 – Pipeline process 

 

 

 

3.6.3. Parameter Optimization 

 

For parameter optimization we used Grid search which is a model hyperparameter 

optimization technique. In scikit-learn this technique is provided in the GridSearchCV 

class.  

When constructing this class, we must provide a dictionary of hyperparameters to 

evaluate. This is a map of the model parameter name and an array of values to try. In 

our case we will optimize our score based on “accuracy”. 

By setting the “n_jobs” argument in the GridSearchCV constructor to “-1”, the process 

will use all cores on our machine. The GridSearchCV process will then construct and 

evaluate one model for each combination of parameters. Cross validation is used to 

evaluate each individual model and the default of 3-fold cross validation is used. 
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Once the optimum parameters were found for each model, the f1-score test had been 

performed on the same train, test split for all. That way we could be sure that the 

models are compared to the same set of data before going to Cross Validation with all 

of the optimized models in order to see what is the performance over different splits for 

train and test. 

 

3.6.4. Model application and results 

 

We will apply the models, shown in Table 23, on our test-train split of the “individual 

tweets” datasets and find the optimum parameters and then we will use the “individual 

tweets” as our training dataset and “user tweets” as our test dataset. That way we can 

compare the results of the models predicting both individual tweets from “individual 

tweets” and the merged tweets from “user tweets” dataset and take the most constant 

model as the best.  

 

Model Name Model description 

Logistic Regression   
statistical model using Logistic function to model the 

conditional probability 

Random Forest   
Ensemble of Decision Tree algorithms which are a 

flowchart like structure of nodes (features) 

Naive bayes   Collection of algorithms based on the Bayes’ Theorem 

SGD Classifier   
Optimization algorithm based on minimizing the loss 

function with Log Reg and SVM algorithm 

Support Vector Machines 
Discriminative classifier defined by a separating 

hyperplane 

Gradient Boosting   Decision Tree ensemble algorithm with gradient descent 

Bagging   Bootstrap aggregating ensemble of predictive algorithms 

XGB   
Extreme Gradient Boosting with more accurate 

approximations in order to find the best model 

Table 23 – List of models used in the analysis with brief description for each 

 

The results showing the performance of each model and their parameters can be seen 

on Table 24 for the “individual tweets” and for “user tweets”, where for each of the 

models we have their optimum parameters found after our GridSearchCV constructor 

in the column “Optimum model Parameters” and their F1 results on the same random 

state split, thus ensuring that all the models were trained on the same data, and finally 

the results of the model after a 5-fold Cross Validation. 
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Name of 

the ML 

model 

 

Optimum model 

Parameters 

“Individual tweets” dataset 
“User 

tweets”  

F1- score  

on same random 

state split 

F1- score 

on 5-fold 

Cross 

Validation 

F1- score  

on 5-fold 

Cross 

Validation 

Logistic 

Regression 

multi_class = ‘multinomial’ 

solver = ‘lbfgs’ 

max_iter = 1000 

 

0.54 

 

0.60 

 

0.32 

 

Random 

Forest 

bootstrap = False 

max_depth = 150 

max_features = sqrt 

min_samples_leaf = 1 

min_samples_split = 2 

n_estimators = 200 

 

 

0.60 

 

 

0.62 

 

 

0.35 

Naïve 

bayes 

alpha = 0.01 
0.45 0.58 0.30 

SGD 

Classifier 

alpha = 0.0001 

max_iter = 100 

penalty = none 

 

0.51 

 

0.57 

 

0.30 

SVM 

C = 200 

gamma = 0.01 

kernel = rbf 

 

0.50 

 

0.59 

 

0.33 

Gradient 

Boosting 

learning_rate = 0.5 

max_depth = 5 

max_features = 5 

n_estimators = 90 

 

0.49 

 

0.49 

 

0.30 

Bagging 

Base_estimator_C = 100 

max_features = 0.9 

max_samples = 0.5 

 

0.47 

 

0.61 

 

0.33 

XGB 

objective="multi:softmax" 

n_estimators= 104 

max_depth= 11 

learning_rate= 0.0479 

subsample= 0.66624 

colsample_bytree= 

0.74778 

gamma= 0 

 

 

 

0.57 

 

 

 

0.60 

 

 

 

0.37 

Table 24 – Model performance on “individual tweets” and “user tweets” dataset after optimization of the 

parameters 

 

 

 

We can see that every model performed slightly better after the cross validation. The 

accuracy is around 60% (Figure 25) for “individual tweets” and around 30% (Figure 26) 

for “user tweets” but given that we have 7 classes to correctly classify, this is to be 

expected. Our goal will be to show probabilities of the users assigned to the classes 

and not an actual prediction. 
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Figure 25 - Results of the cross validation of the optimized models for “individual tweets” dataset;  

 

     
 

Figure 26 - Results of the cross validation of the optimized models for “user tweets” dataset; 

 

           

 

Best performing model on the “user tweets” dataset was XGBoosting with 0.37 F1 

score, which performed very well on the “individual tweets” dataset as well with a 0.60 

F1 score. Random forest model again performed very well, with 0.35 F1 score and like 

the XGboosting model, has a constant performance with both datasets where it scored 

0.62 on the “individual tweets” data.  

 

We can say that XGBoosting and Random Forest were overall best performing models, 

as they have constant good results, so the final analysis and results were made with 

the optimum model of the XGB and Random Forest algorithms where we analysed the 

performance of the models as well as the errors.  
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4. Result interpretation  
 

As this was a demanding dataset with a multiclass classification problem where the 

users are meant to be classified based on their opus of tweets, we can expect that the 

context and sentiment of those merged tweets are sometimes difficult to distinguish 

and can be mixed for each of the candidates. Thus, the conventional metrics such as 

accuracy, f1 score and ROC can give misleading impressions over the true efficiency 

of our models. 

 

So, in order to have a better insight into the performance of both models, we can try 

and rate their performance based on the probability with which the model assigned 

classes to the users and the ranking of those probabilities. 

 

Final data frame was constructed with the columns showing the users probability of the 

correct class assigned and its rank in the prediction as well as the class that the model 

predicted for the user. 

 

The columns in the new data frame are the username, the correct class that was 

assigned based on the manual classification results, the model’s probabilities of 

predictions including the class that the model assigned to the user and the probability 

of the correct class assigned earlier with manual classification. Finally, we have a 

column that marks the rank of the correct class in the model’s predictions. The 

structure can be seen on Table 28 and 29 together with the individual column 

explanation in Figure 27. 

 

 

Column name Definition 

User 
Name of the user for which the data 

belongs to 

Correct class 
The class which was assigned based on 

the manual classification 

Correct class model probability 
The probability assigned by the ML model 

to the correct class 

Predicted model class 
The class which was assigned by the ML 

model  

Predicted model class probability 
The probability assigned by the ML model 

to the predicted class 

Correct class probability rank 

The rank of the correct class (sorted 

probabilities) in the predictions of the ML 

model 

Table 27 – New data frame structure; Individual columns explanation 
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Figure 28 – Final dataset with predictions, probability and rank made by the XGB model 

 

 

 

 
Figure 29 – Final dataset with predictions, probability and rank made by the Random Forest model 

 

 

 

 

 

Given that with the merged tweets, the texts lose some of their context and therefore 

have a very fine margin when predicting the actual class assigned, the actual success 

rate of the model could be determined by looking at how many correct classes were in 

the top 3 predictions of the model.  

 

This was done by visualizing the distribution of the probability for the classes that were 

correctly assigned (Figure 30 and 31) and the distribution of the rank for the correct 

classes (Figure 32 and 33), where the classes with the rank 1, 2 and 3 represented the 

instances where the correct class was in the top 3 probabilities predicted by the model. 
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Figure 30 – Distribution of Probability of the class being correctly assigned by XGB model 

 

 

 

 
Figure 31 – Distribution of Probability of the class being correctly assigned by Random Forest model 

 

 

 

 

As we can see, both models are performing rather similar with Random Forest model 

slightly outperforming XGBoosting model on the average prediction probability with 

0.22 over the 0.21 for the correct class.  

 

 As shown in the Figure 32 and 33, majority of the predictions from both models are 

ranked in the top 3 predictions, meaning that both models are doing a rather good job 

of assigning the probabilities for the classes. Slight advantage can be seen for 

XGBoosting model, as it has the correct class ranked 6th or 7th very small number of 

times, where Random Forest has the correct class ranked much more as the last 

option.  

 

XGB model 

Random Forest model 
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Figure 32 – Overview of the probabilities of the correct class predicted by the XGB model 

 (1 – model predicted the correct class with highest probability, 7 – model predicted the correct class with the lowest 

probability) 

 

 

 
Figure 33 – Overview of the probabilities of the correct class predicted by the Random Forest model 

 (1 – model predicted the correct class with highest probability, 7 – model predicted the correct class with the lowest 

probability) 

 

 

 

Therefore, Random Forest is inclined to misassign the class for the user very 

drastically, making it a less desirable model for prediction. 

 

 

 

 

 

XGB model 

Random Forest model 
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The XGBoosting model had the correct class in the top 3 highest probability class 

prediction in 63 % of the cases, or 114 out of 180 users, as can be seen on the Figure 

34. Slightly higher than the Random Forest model where we had 61% top 3 correct 

class predictions with 110 out of 180 users, as seen in Figure 35. 

 

 

 

 

 
Figure 34 – Percentage of the correct class in the top 3 highest probability predictions of the XGB model 

 

 

 

 

 
Figure 35 – Percentage of the correct class in the top 3 highest probability predictions of the Random Forest model 

 

 

 

In conclusion we can establish that given the higher percentage of correct class 

probability and the lesser misassign the correct class, the XGBoosting model 

performed better than any other model we tested. 

 

 

XGB model 

Random Forest model 
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5. Error Analysis 
 

Given the difference with distribution between the “individual tweets” and “user tweets” 

classes, as well as the fact that the tweets are now merged for users, it was to be 

expected that the classification will suffer. The merged tweets present a difficulty, as 

the data now is mixed, and the sentiment for one candidate might easily be mistaken 

for another.  

 

Taking a closer look at some of the cases (Figure 36, 37 and 38) where the model was 

not performing as expected we can get a better insight into the possible reasons of the 

underperformance.  

 

User 

 
User tweets 

 
User class prediction probability 

 
Figure 36 – Model error interpretation on individual user #1 

 

We can see that the most probable class for this user was “supporting Trump, Biden 

neutral” as per the original tweets the actual sentiment was negative towards Biden.  

However, we can see that the second most probable class was with negative sentiment 

towards Trump.  

This can be assigned to specific words in tweets with strong negative sentiment, such 

as “lie” and “...was down...”, and the fact that both candidates are mentioned in those 

tweets.  

Once again, we see that the even though the context is lost when merging the tweets, 

the model does a good job in recognizing the sentiment and the candidate in focus. 
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User 

 

 
 

User tweets 

 

 
 

User class prediction probability 

 

 
 

Figure 37 - Model error interpretation on individual user #2 

 

We can see that the most probable class for this user was “supporting Trump, Biden 

neutral” again, as per the original tweets the actual sentiment was negative towards 

Biden.  

 

This can be assigned to a very vague tweet with strong negative sentiment which was 

marked as Biden negative and again, the fact that both candidates are mentioned in 

that tweet.  

 

As well, we can see that the majority of tweets (9 out of 10) are actually Biden neutral. 

 



 

 

 

 

 

36 

 

Figure 38 - Model error interpretation on individual user #3 

 

 

 

 

In this case, we have a very ambiguous user where we have both negative and positive 
sentiments toward Trump, and some negative sentiment toward Biden. 
 

The model classified negative sentiment and support toward Trump very closely with 
0.25 and 0.20 probability, which probably was very hard to differentiate once all tweets 
were merged 

 

 

 

 

 

 

 

 

User 

 

 
 

User tweets 

 

 
 

User class prediction probability 
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6. Conclusions 
 

Due to the unprecedented rise of data content over the last decade an opportunity for 
data-based analysis has become a norm in the modern world. As social media 
becomes increasingly central to young people’s everyday lives offering a direct no-filter 
way of expressing our thoughts on these platforms, it is important to understand how 
and in what measure can a platform, like Twitter, help analyse such a complex geo-
political happening as US elections 2020.  
 
Even though the composition of social media users can never be considered the same 
as a real demographic, it still offers a very important insight into public opinion and 
influence. 
 
In this work, we performed a data analysis on tweets about the 2020 US Presidential 
election for candidates Donald Trump and Joe Biden. The two main objectives were 1) 
to gain insights into general sentiments and trends for both candidates and 2) to 
classify the users into 9 classes depending on their general message from tweets. 
 
We started with 2 datasets, one containing individual tweets from unique users and the 
other containing multiple tweets from unique users. All tweets were manually classified 
with appropriate sentiment regarding Trump and Biden and the 9 classes, into which 
the user’s tweets were grouped, were determined by the combination of those 
sentiments. For the dataset with multiple tweets from the same user, we merged all 
their tweets into one conjoint text and the sentiment for the user regarding Trump and 
Biden was drawn from the average sentiment from all their tweets and then rounded 
up. Immediately we saw that we had very much imbalanced classes for both datasets 
and we would have to use partitioning techniques such as SMOTE to manage the 
distribution for the prediction algorithms to achieve satisfying results. 
 
With the data sample we had, neutral tweets were a large majority, but Trump had 
more “negative” and “positive” sentiment tweets than Biden. Twitter is famously the 
preferred social media platform of the now-ex US president Donald Trump and perhaps 
that might have something to do with the higher number of tweets that had some 
sentiment toward the candidate.  
 
An interesting insight was that even though we only had tweets up until the election 
day, November the 3rd, we had Trump supporters’ tweets trending with words like “give 
back Trump votes”, “Michigan rigged” or “rigged election” even before the results were 
official or near conclusion. 
 
We could see on average that tweets regarding Biden included much more individuals 
than Trump based tweets both “supportive” and “negative” tweets. A strong inclusion of 
Kamala Harris and Barack Obama in the “supportive” tweets and Hilary Clinton and 
Hunter Biden, the son of now-President Joe Biden were the most used individuals in 
tweets with “negative” sentiment toward Biden. 
 
The peak of the tweet count happened on the election day where, again, tweets 
regarding Trump were in bigger number than tweets regarding Biden. Supportive 
tweets were the majority for Trump, where for Biden was the opposite.  
 
After the exploratory analysis we constructed multiple predictive algorithms to get the 
probability of the user belonging to one of the 9 classes previously assigned.  
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A TF-IDF vectorization was performed on the now cleaned and lemmatized tweets, 
transforming them to a numeric (vectorized) format that the Machine Learning models 
can use for training and testing. We applied and optimized these models first on the 
larger, individual users’ dataset, which we later used as a training dataset for our 
multiple tweets from unique user dataset where we faced a real challenge. 
 
As the tweets were merged for each unique user, it was easy to lose its context as well 
as the sentiment for one candidate to be mixed up for another. Therefore, we opted to 
present the probability of the user to belong to one of these classes instead of just 
measuring the model accuracy on the highest probability prediction.  
We constructed a dataset where we ranked the model’s prediction and compared them 
to the actual class that the user was assigned to, as a result we had a XGB prediction 
model with 63% of users where the actual class assigned to the user was in the top 3 
classes predicted by the model. Given that we had a multiclass classification problem 
with a small to medium dataset, we believe this presented a good result and the model 
was predicting rather well.  
 
The error analysis gave us a valuable insight into the model performance. We saw that 
indeed the model often confused the sentiment showed for one candidate to another, 
regularly when both candidates were mentioned in a tweet with very strong “positive” or 
“negative” connotation.  
 
In regard to future work, there are numerous ways of the improvement of the analysis 
with larger datasets giving us a better sample, different methods for text analysis such 
as “Bag of Words” or a more complex lemmatization technique using a larger n-gram 
parameter to improve the understandability of the textual context inside the tweet. We 
can approach the problem differently and perhaps more efficiently by building more 
complex prediction algorithms with Neural Networks or a more accurate 
hyperparameter optimization for our models with stronger computational power. 
 
Construction of such a multiclass classification model for user group assignation can 
prove to be very useful. Specifically in cases where we might have the presence of 
polarity or communities in the subject, such as we had here in the 2020 US Elections. 
Models such as these can be used to monitor the trends and the growing groups of 
individuals present on the social media platforms.  
 
 
The process of ongoing world digitalization and the increasing social media presence 
will produce increasingly more data analysis and machine learning applications across 
a wide range of areas and domains. These platforms, such as Twitter, offered us a 
minable opinionated individual data for the first time in the history and as a result we 
have an incredible opportunity to analyse and target specific groups of individuals 
based solely on the content uploaded which is presumed to represent their thoughts, 
beliefs, and opinions.  
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