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Abstract: In the age of social media, individuals regularly express their thoughts and emotions across various 

online platforms. Twitter, a prominent microblogging platform, serves as a prime example where users share 

their perspectives on diverse global events. Sentiment analysis, a crucial aspect of analyzing online discourse, 

involves discerning the emotional tone of text. This paper explores sentiment analysis on Twitter, employing 

machine learning and natural language processing techniques to categorize tweets based on their sentiment 

polarity. Various machine learning algorithms, including Vader, XGBoost, Random Forest, LSTM, and 

Bidirectional LSTM, are evaluated for their effectiveness in sentiment analysis. The study aims to assess the 

performance of these models in analyzing sentiments expressed on Twitter, with insights drawn from real-world 

data. Through sentiment analysis, organizations can gain valuable insights into public opinion, enabling 

informed decision-making across various domains. 
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I. INTRODUCTION 

Twitter has become a significant platform where people express strong emotions, making it a valuable resource for 

understanding sentiment. Sentiment analysis involves examining text to identify its underlying emotional tone. As social 

media platforms like Twitter gain prominence, sentiment analysis becomes crucial for businesses, organizations, and 

governments to grasp public opinion and make informed decisions [11]. Natural Language Processing (NLP) techniques 

play a vital role in sentiment analysis by enabling machines to understand and interpret human language [12]. These 

methods allow real-time analysis of tweets, offering insights into prevailing public sentiment trends [13]. Machine 

learning algorithms, a subset of NLP, learn from extensive datasets to accurately predict sentiment in new tweets. In 

this study, we aim to evaluate the effectiveness of machine learning systems in sentiment analysis on Twitter using NLP 

techniques. We will use a dataset containing tweets from the inaugural day of the "FIFA World Cup 2022" in Qatar. This 

dataset includes information such as tweet creation date, likes, source, content, and sentiment. After preprocessing to 

remove noise, we will employ machine learning methods such as Vader, XGBoost, Random Forest, and LSTM. To 

enhance accuracy, we will utilize count vectorizers and Gensim. These tools translate text into numerical data for 

machine interpretation. The efficacy of these  

algorithms will be assessed based on various criteria like F1 score, accuracy, recall, and precision. By leveraging 

sentiment analysis, organizations can make informed decisions in areas like real-time monitoring, audience engagement, 

brand perception, fan experience improvement, and crisis management. Twitter sentiment analysis is vital for businesses 

to understand customer feedback and identify areas for improvement in products or services. It also aids in promptly 

addressing negative feedback online. Moreover, sentiment analysis can assist political campaigns in understanding 

public sentiment and adjusting messaging accordingly. During crises, sentiment analysis helps companies monitor social 

media and news channels for negative sentiments and take necessary actions. Additionally, marketers can use sentiment 

analysis to understand consumer preferences and tailor advertising campaigns accordingly [14-17]. 

II. LITERATURE REVIEW 

This literature review delves into various studies exploring sentiment analysis on Twitter. Pak and Paroubek (2010) 

developed a classifier to categorize tweets as objective, positive, or negative, based on emoticons. Bahrawi (2019) 

employed Random Forest for sentiment analysis, achieving a 75% observation error margin. Shobana et al. (2019) 

investigated public sentiment through celebrity tweets, utilizing Python, Twitter API, and Text Blob. Kumar et al. (2020) 

attained high accuracy using Bi-LSTM for sentiment analysis. Jacob et al. (2021) employed clustering techniques to 

discern positive and negative sentiments in tweets. Cihan ÇILGIN et al. (2022) analyzed COVID-19-related tweets 
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using VADER and visualized sentiments using word clouds and N-grams. Lal Khan et al. (2022) proposed a CNN-

LSTM model for sentiment analysis in English and Roman Urdu, achieving high accuracy rates. Dhanta et al. (2023) 

explored machine learning methods such as logistic regression and Naive Bayesian for sentiment analysis, with Naive 

Bayes exhibiting superior efficiency. These studies collectively demonstrate the effectiveness of various machine 

learning techniques in discerning sentiment from Twitter data, offering insights into public opinion and emotional trends 

on social media platforms. 

III. METHODOLOGY 

The sentiment analysis process has several steps. Firstly, we collect data and do some prep work. We got our dataset 

from Kaggle, containing tweets from the first day of the FIFA World Cup 2022 in Qatar. Then, we clean up the dataset 

by removing usernames, URLs, and common words that don't add much meaning (stopwords). After that, we 

standardize the words using lemmatization to make sure our analysis is consistent. To make our model more accurate, 

we add in some tools like CountVectorizer and Gensim Word2Vec Model. These help us turn the text into numbers, 

which the computer can understand better. We also use some techniques to pick out the most important features, so our 

model doesn't get overwhelmed with too much information. These techniques help prevent our model from becoming 

too complicated and taking too long to train. Once our data is ready, we use machine learning algorithms like Vader, 

XGBoost, Random Forest, and LSTM to figure out if the text is positive, negative, or neutral. These algorithms learn 

from examples in our dataset to make predictions about new tweets. 

 

Figure 1: Methodology 
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A. Data Collection 

We got this data from Kaggle, and it's all about tweets from the first day of the “FIFA World Cup 2022” in Qatar. 

[https://www.kaggle.com/code/aks777sp/fifa-world-cupday-1-tweets”]. It's got 22524 rows and 6 columns of 

information. These columns include the date the tweet was posted, how many likes it got, where it came from, the actual 

tweet text, and how people felt about it (the sentiment) 

 

Figure 2: The Dataset 

B. Pre-Processing  

To make our model work better, we need to get the data ready first. We start by cleaning up the tweets we collected. We 

take out things like usernames, web links, and common words that don't add much meaning. Once we've cleaned all 

that up, we break down the text into smaller parts called tokens. Then, we use a special tool called a lemmatizer to 

simplify the words to their basic form. This helps us analyze the text more effectively. 

 

C. Machine Learning Models 

 

a. VADER 

In the nltk library for Python, there's a useful tool called VADER. It's made to understand text from social media, but it 

can work with other types of text too. VADER can figure out if a piece of text is positive or negative. It looks at a bunch 

of words that show different feelings to make its decision. 

 

Figure 3: Lexicon with valence rating 

b. XGBoost  

XGBoost is a type of machine learning that's part of a group called ensemble learning. It's really good at boosting, which 

means it takes a bunch of weak models and makes them stronger together. It mainly uses decision trees and some fancy 

tricks to make better predictions. XGBoost is known for being fast, analyzing important features, and handling missing 

data well. People use it for things like figuring out trends, sorting data, and making predictions about numbers or 

categories. 

 

c. Random Forest  

Think of a Random Forest like a team of people making decisions together. Each person represents a tree, and they all 

give their opinion to make better choices. This teamwork helps the model become stronger and more accurate. Random 

Forest is great because it's easy to use and can handle different types of problems, like sorting things into groups or 

predicting numbers. It's good at dealing with complex data without getting too caught up in the details, which makes it 

helpful for lots of different tasks in machine learning. 
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Figure 4: Random Forest 

 

d. LSTM (Long Short-Term Memory)  

LSTM (Long Short-Term Memory) is a type of RNN (Recurrent Neural Network) that can remember important 

information for a long time, even in a sequence of data. LSTMs are great for understanding and analyzing sequences, 

like text, sound, or time-based data. They're shown to work well for sentiment analysis on tweets because they can 

understand the context, handle different lengths of input, and recognize complex language patterns. They're useful for 

figuring out what people are feeling based on short and informal messages, which helps understand public opinions on 

social media. Bidirectional LSTM, or BiLSTM, is a special kind of sequence model with two layers of LSTM: one 

reads the sequence forward, and the other reads it backward. This setup is commonly used for tasks related to 

understanding language. The idea is that by looking at the input from both directions, the model can better understand 

how things are connected in the sequence. 

 

Figure 5: LSTM architecture 

 

Figure 6: Bidirectional LSTM architecture 
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IV. RESULTS AND DISCUSSIONS 

 

Sentiment analysis is evaluated using metrics like accuracy, precision, recall, and F1-Score. These metrics help measure 

how well the sentiment analysis models perform. After preprocessing the dataset, we can see the distribution of 

sentiments in Figure 7. Figure 8 shows the top 10 sources of tweet  

 

 
Figure 7: Distribution of sentiment 

 
Figure 8: Top 10 Sources of Tweet Count 

 
Figure 9: Word Cloud 
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counts, and Figure 9 displays a Word Cloud representing sentiments. Figure 10 illustrates the trends of sentiment over 

time on the first day of the FIFA World Cup 2020 in Qatar. Emotion labels are counted at different time intervals to see 

how they change. 

 

Various machine learning methods, including Vader, XGBoost with CountVectorizer, XGBoost with Gensim, Random 

Forest with CountVectorizer, Random Forest with Gensim, Single LSTM, and Bidirectional LSTM, are used for 

sentiment analysis. Among these, Bidirectional LSTM shows the best results, with an accuracy of 0.73. Compared to 

other models, Bidirectional LSTM performs the best. Additionally, Figure 11 displays the confusion matrix of the 

Bidirectional LSTM model, which has the highest accuracy. The F1-score, recall, and precision are all 0.73. Figure 13 

shows the evaluation metrics of our machine learning methods. 

 
Figure 11: Confusion Matrix of Bi-LSTM Model 

 
Figure 12: Accuracy scores of Machine learning Approaches 

 
Figure 13: Graphical representation of evaluation performance of algorithms 

 

V. APPLICATIONS 

 

1. Real-time monitoring: It allows stakeholders to address negative opinions quickly while capitalizing on good 

sentiment. 

2.  Audience Engagement: Marketing teams may adapt their efforts based on sentiment analysis data to better 

connect with their target audience. 

3.  3. Brand impression: Sponsors can assess their brand's impression among fans and alter strategy 

appropriately. 

4.  Fan Experience Enhancement: Event organizers may use sentiment analysis to identify areas for 

improvement and then improve the entire fan experience, resulting in maximum satisfaction. 
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5. Crisis Management: Quickly identify possible controversies or unfavorable situations and take corrective 

steps to limit their impact. 

 

VI. CONCLUSION 

This study explores different machine learning methods like Vader, XGBoost with CountVectorizer, XGBoost with 

Gensim, Random Forest with CountVectorizer, Random Forest with Gensim, Single LSTM, and Bidirectional LSTM 

for analyzing sentiments on Twitter. Among these, Bidirectional LSTM stands out with the highest accuracy of 0.73. 

It's shown better performance compared to others. Initially, we load data from the Kaggle dataset 

"fifa_world_cup_2022_tweets," which contains tweets from the opening day of the FIFA World Cup in Qatar. Then, we 

clean the dataset by removing usernames, URLs, stopwords, and perform tasks like lemmatization and tokenization. We 

also create visualizations like sentiment distribution plots, word clouds showing positive and negative words, and time 

series sentiment trends during the event to get insights. Additionally, we calculate sentiment scores for each tweet using 

these models, covering aspects of positivity, negativity, and neutrality. Finally, we compare these models to understand 

their effectiveness. Looking ahead, Neural Network models hold potential to surpass other models in accuracy if 

properly optimized. 
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