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Abstract
With the rapid expansion of social media usage on the Internet, these platforms have become
a massive source of data reflecting users’ behaviors, interactions, and interests in the digital
world. This data is characterized by the main properties of big data, namely large volume,
high velocity, variety, value, and veracity, which makes its analysis require specialized big data
analytics techniques and tools.

This thesis aims to study the role of big data analytics in understanding and analyzing
data extracted from social media platforms, with a particular focus on Twitter as a case study.
The study is based on collecting and processing Twitter data, which are then analyzed using
big data analytics approaches, with a focus on content-oriented methods such as sentiment
analysis and text classification, applied at scale using distributed computing frameworks.

The results of the study show that big data analytics techniques enable the extraction of
valuable information from Twitter data, such as identifying trending topics, analyzing user
interaction patterns, and detecting different digital behaviors. The findings also highlight
the importance of combining content-based analysis with network-based analysis to achieve a
deeper understanding of interaction dynamics within the platform.

This thesis concludes that big data analytics represents an effective tool for understanding
social media networks, particularly Twitter , and contributes to supporting various fields such
as social, economic, and marketing analysis, while emphasizing the need to address challenges
related to data quality and privacy.

Keywords: Big Data Analytics; Social Media; Twitter ; Social Network Analysis; Content
Analysis; Network Analysis; User Behavior
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Résumé
Avec l’expansion rapide de l’utilisation des réseaux sociaux sur Internet, ces plateformes sont
devenues une source massive de données reflétant les comportements, les interactions et les
intérêts des utilisateurs dans le monde numérique. Ces données se caractérisent par les prin-
cipales propriétés du Big Data, à savoir un grand volume, une grande vélocité, une grande
variété, une forte valeur et une véracité variable, ce qui rend leur analyse dépendante de tech-
niques et d’outils spécialisés en analyse de données massives.

Cette mémoire vise à étudier le rôle de l’analyse des données massives dans la compréhen-
sion et l’analyse des données extraites des réseaux sociaux, en mettant un accent particulier sur
Twitter comme étude de cas. L’étude repose sur la collecte et le traitement de données issues
de Twitter, qui sont ensuite analysées à l’aide d’approches d’analyse Big Data, avec un accent
sur les méthodes orientées contenu, telles que l’analyse des sentiments et la classification de
textes, appliquées à grande échelle à l’aide de frameworks de calcul distribué.

Les résultats de l’étude montrent que les techniques d’analyse Big Data permettent d’extraire
des informations pertinentes à partir des données de Twitter, telles que l’identification des sujets
tendances, l’analyse des schémas d’interaction des utilisateurs et la détection de différents com-
portements numériques. Les résultats soulignent également l’importance de combiner l’analyse
basée sur le contenu avec l’analyse basée sur le réseau afin d’obtenir une compréhension plus
approfondie de la dynamique des interactions au sein de la plateforme.

Cette mémoire conclut que l’analyse des données massives constitue un outil efficace pour
comprendre les réseaux sociaux, en particulier Twitter, et contribue à soutenir divers domaines
tels que l’analyse sociale, économique et marketing, tout en mettant l’accent sur la nécessité
de prendre en compte les défis liés à la qualité des données et à la protection de la vie privée.

Mots-clés : Analyse des données massives ; Réseaux sociaux ; Twitter ; Analyse des réseaux
sociaux ; Analyse de contenu ; Analyse de réseau ; Comportement des utilisateurs
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اिऻڪٌۘ
ً ؇݄ෛෘ ً ݁ݱڎرا اৎ৊ٷݱ؇ت ۱ڍه أݬٴۜب ،೑಻ଫଐَ৕৑ا আॻ༟ ሒᇼ؇݄ۏٺ৖৑ا اܳٺިاݬܭ وݿ؇فܭ ৖৑ݿٺ༱ڎام ا๤ཏܳلؕ اܳٺިݿؕ ؕ݁
ً؇ࠍ੅ݱ؇فݧ اܳٴ٭؇َ؇ت ۱ڍه ଩ଃറണ೺ اᆇᅪීෂ޶. ቕረ؇اܳأ ሒᇭ ܾዛኤ؇݁؇݄وا۱ٺ ܾዛኤఈః༟؇وّڰ ඔ൹݁ڎ༱ފٺৎ৊ا ݿߺࠊভ঒؇ت ّأܝݴ มฆܳا ይዧٴ٭؇َ؇ت
ොູܹ٭۳ܹ؇ ෠ຬأܭ ؇ᆙᆘ واৎ৊ݱڎاڢ٭۰، واܳگ٭۰݄، واܳٺٷިع، اܳأ؇ܳ٭۰، ۰༟๤ཏܳوا ،ଫଃاܳـܝٴ ܾ፳፞༕ا :ሒሃو اܳݯ۰݄ۛ، ይዧٴ٭؇َ؇ت ا྘ཬීෂފ٭۰

اܳݯ۰݄ۛ. اܳٴ٭؇َ؇ت ොູܹ٭ܭ ሒᇭ ݁ٺۛݱݱ۰ وأدوات ّگٷ٭؇ت ૭૏ٺܹݞم
݁ٷݱ؇ت ݆݁ ۰༥ފٺۛݠৎ৊ا اܳٴ٭؇َ؇ت وොູܹ٭ܭ ڣ۳ܾ ሒᇭ اܳݯ۰݄ۛ اܳٴ٭؇َ؇ت ොູܹ٭ఈఃت دور دراݿ۰ ሌᇿإ اৎ৊ڍாணة ۱ڍه ዛኤڎف
ਃಸ؇َ؇ت ؕᆇᅹ আॻ༟ اܳٴۜت ୋଲّߌߵ .ᄭᄟ؇༡ ᄕცراݿ۰ ଫଐل ިّ ݁ٷݱ۰ আॻ༟ ༠؇ص ႟ၽ૰૖ ଩ଃ܋ଫଐܳا ؕ݁ ،ሒᇼ؇݄ۏٺ৖৑ا اܳٺިاݬܭ
ا௱௯௫ٺިى ިොຶ اৎ৊ިۏ۰۳ ا৙৑ݿ؇ܳ٭ص আॻ༟ ଩ଃ܋ଫଐܳا ؕ݁ اܳݯ۰݄ۛ، اܳٴ٭؇َ؇ت ොູܹ٭ܭ ༇ဋ؇݁ٷ ً؇ݿٺ༱ڎام ොູܹ٭۳ܹ؇ ቕ቉ ،؇ዛው੊و݁أ؇ࠍ ଫଐل ިّ

.۰༟ިزৎ৊ا اࠍ੆ިݿٴ۰ أޗݠ ً؇ݿٺ༱ڎام واݿؕ َޚ؇ق আॻ༟ ዻዧوذ اܳٷݱިص، وّݱྡྷ٭ژ ਵލ؇؜ৎ৊ا ܋ٺ༲ܹ٭ܭ
،ଫଐل ިّ ਃಸ؇َ؇ت ݆݁ ڢ٭۰ّ݄ ݁أߺࠊ݁؇ت اݿٺۛݠاج ݆݁ ஓُܝّ݆ ஄ اܳݯ۰݄ۛ اܳٴ٭؇َ؇ت ොູܹ٭ܭ ّگٷ٭؇ت أن اᄴᄟراݿ۰ ༇຀؇ਐ಻ ّޙ۳ُݠ
ଫଊّز პაႰ ا௰௯௫ٺܹڰ۰. اᆇᅪීෂ٭۰ اܳފߺࠊভ঒؇ت وا܋ྥލ؇ف ،ඔ൹݁ڎ༱ފٺৎ৊ا ّڰ؇༟ܭ أஓ஁؇ط وොູܹ٭ܭ ،۰෠ຩීاෂا اৎ৊ިݪ༟ި؇ت ܋ٺ༲ڎࢴࣖ

اৎ৊ٷݱ۰. دا༠ܭ اܳٺڰ؇༟ܭ ਍ಱᄴᄟ؇݁٭൑ശ؇ت أᆇᅦݑ ڣ۳ܾ ሌᇿإ ܳߺࠊݬިل ا௱௯௫ٺިى আॻ༟ ቕሶ؇اܳگ اܳٺ༲ܹ٭ܭ أᆇᆅ٭۰ ༇຀؇اܳٷٺ
৖৑و ،ሒᇼ؇݄ۏٺ৖৑ا اܳٺިاݬܭ ݁ٷݱ؇ت ܳڰ۳ܾ ᄭᄟ؇ّڣأ ً أداة ஓ୷ټܭ اܳݯ۰݄ۛ اܳٴ٭؇َ؇ت ොູܹ٭ܭ أن ሌᇿإ اৎ৊ڍாணة ۱ڍه ෛູܹݧ
আॻ༟ اܳٺ؊܋٭ڎ ؕ݁ لࠔࠫ، واܳྥފި وا৖৑ڢٺݱ؇دي ሒᇼ؇݄ۏٺ৖৑ا Ⴄ၍ܳٺ༲ܹ٭ܭ ݁ٺأڎدة ৖৑؇෠੼ت د؜ܾ ሒᇭ ܾዝ๎ُะو ،ଫଐل ިّ ؇ಣಈᕬ

واࠍ੅ݱިݬ٭۰. اܳٴ٭؇َ؇ت ෠ຳިدة اৎ৊ٺأܹگ۰ اܳٺ༲ڎل؇ت ۰੊݁أ؇ࠍ ๤ཚورة

اࠍ੆ިݿٴ۰ اৎ৊ލ؇؜ਵ؛ ොູܹ٭ܭ لଫଐ؛ ިّ ا৖৑ۏٺ݄؇ሒᇼ؛ اܳٺިاݬܭ وݿ؇فܭ اܳݯ۰݄ۛ؛ اܳٴ٭؇َ؇ت ොູܹ٭ܭ اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت
اৎ৊ފٺ༱ڎم. ݿߺࠊك ا௱௯௫ٺިى؛ ොູܹ٭ܭ اৎ৊ިز۰༟؛

١٠



GENERAL INTRODUCTION

Note on Terminology: Throughout this thesis, the platform originally known as Twitter is
referred to simply as “Twitter”. As of 2023, the platform was officially rebranded as “X” by its
owner. This change occurred after the datasets used in this work were collected. All references
to “Twitter” therefore refer to the same platform, now known as X.

In the last decade, the digital world has witnessed a rapid evolution in information and
communication technologies, where social media platforms have emerged as an unprecedented
global phenomenon. These platforms have evolved from simple communication tools into mas-
sive digital environments for generating and exchanging data. Platforms such as Twitter ,
Facebook, Instagram, and YouTube have become primary sources of big data that reflect
users’ behaviors, interactions, and interests in the digital space.

This data is characterized by the well-known properties of big data (large volume, high
velocity, variety, value, and veracity), which makes its analysis dependent on advanced big
data analytics tools and techniques. In this context, social media platforms collectively stand
out as ideal environments for Big Data analytics due to the richness and diversity of the data
they generate. Among these platforms, one stands out as a particularly compelling case study:
Twitter , owing to its concise textual nature, the use of hashtags for topic tracking, the ability to
measure information diffusion through retweets, and the richness of metadata associated with
each tweet. Accordingly, this thesis adopts Twitter as its central case study while situating its
findings within the broader landscape of social media analytics.

Review of Previous Studies
The growing interest in employing Big Data analytics to understand interaction dynamics
within social media networks has given rise to a rich body of prior work. The following studies
illustrate the breadth and relevance of this research field:

• Dealing with Big Data: The Case of Twitter (2013)
This study presented a Hadoop-based infrastructure to process billions of Dutch tweets
under legal constraints, demonstrating the usability of Twitter data for event detection
and linguistic and marketing analysis [1].

• Social media and the social sciences: How researchers employ Big Data analytics (2016)
The study showed how social scientists use big data analytics to gain network-level in-
sights while recommending the combination of quantitative analytics with qualitative
methods[2].
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• Can Big Data provide good quality statistics? A case study on sentiment analysis on
Twitter data (2018)
The study examined the quality of statistics derived from Twitter sentiment analysis,
highlighting issues such as bots, retweets, and coverage errors, and recommending mixed
analytical approaches [3].

• Social media (Twitter ) Data analysis using maximum entropy classifier on big data
processing framework (Case study: Analysis of health condition, education status, states
of business) (2018)
The thesis proposed a distributed Hadoop-based framework using MaxEnt for tweet
sentiment classification and achieved high accuracy (90.91%) [4].

• Big Data analysis using a metaheuristic algorithm: Twitter as Case Study (2020)
The study proposed a hybrid PSOK algorithm combining K-means and PSO for feature
optimization in sentiment analysis, achieving superior accuracy using Apache Spark for
real-time tweet processing[5].

• Big data analytics meets social media: A systematic review of techniques, open issues,
and future directions (2021)
This systematic review of 74 studies classified social media analytics approaches into
content-oriented and network-oriented methods and identified research gaps related to
privacy, security, and sentiment analysis challenges [6].

• Analysis and Application of Big Data in Social Media Marketing (2024)
The study focused on employing big data analytics to improve the effectiveness of so-
cial media marketing through accurate user profiling, behavior analysis, and campaign
evaluation, while emphasizing data quality and privacy challenges [7].

Objectives of the Study
This study aims to:

• Understand the role of Big Data analytics in analyzing data generated by social media
platforms in general.

• Study Twitter as a representative and practical case study for large-scale textual data
analysis and sentiment classification, with findings intended to generalize to other plat-
forms.

• Apply distributed computing frameworks to process and analyze Twitter data efficiently.

• Extract valuable information such as sentiment trends, behavioral patterns, and interac-
tion dynamics.

• Highlight challenges related to data quality, class imbalance, and privacy.

Reasons for Choosing the Topic
Objective Reasons:

• The unique data nature of Twitter (concise text, hashtags, retweets, metadata).
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• The need for scalable analytical models capable of handling large volumes of real-time
data.

• Existing research gaps in applying distributed Big Data frameworks to social media
sentiment analysis.

• The possibility of generalizing the methodology to other platforms.

Subjective Reasons:

• Personal interest in big data analytics and digital social phenomena.

• Interdisciplinary integration between computer science, statistics, and natural language
processing.

• Increasing professional demand for data analytics skills.

Research Problem
The main research problem can be formulated as follows:

How can Big Data analytics techniques be employed to understand and analyze sentiment
patterns and digital behavior on social media platforms at scale, using distributed computing
frameworks and machine learning methods — with Twitter serving as the primary case study?

Research Questions
• What type of data does Twitter provide and how can it be exploited analytically?

• How does content-based sentiment analysis contribute to understanding digital topics
and user behaviors?

• How can distributed frameworks such as Apache Spark handle large-scale Twitter data
efficiently?

• What is the impact of preprocessing quality and class imbalance handling on classification
performance?

• What challenges are related to data quality, scalability, and privacy?

Research Hypotheses
• Big Data analytics techniques can extract valuable sentiment information from large-scale

Twitter data.

• Distributed computing frameworks such as Apache Spark enable efficient processing of
millions of tweets within resource-constrained environments.

• The quality of analytical results depends on effective data preprocessing and appropriate
handling of class imbalance.

• The adopted methodology can be generalized to other social media platforms.
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Adopted Methodology
The study follows a descriptive, analytical, and applied approach through:

• Collecting large-scale Twitter datasets.

• Data preprocessing and cleaning using distributed PySpark pipelines.

• Applying content-based analytical methods, including sentiment analysis and text clas-
sification.

• Training and evaluating multiple machine learning models using Spark MLlib.

• Implementing real-time stream processing using Apache Kafka and Spark Structured
Streaming.

• Interpreting results in light of the theoretical framework and previous studies.

Scope of the Study
This study focuses on:

• Social media analytics in general, with Twitter data as the primary case study due to its
accessibility, volume, and structural richness.

• Textual content and interactions without multimedia analysis.

• A specific time period for data collection.

• Analytical aspects without deep legal discussions.

Structure of the Thesis
This thesis is organized as follows:

• Chapter One: Big Data

• Chapter Two: Twitter Big Data Analytics

• Chapter Three: Design and Implementation

The thesis ends with a general conclusion, including recommendations and prospects for
future research.
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Chapter I Big Data

I.1 Introduction
In recent years, the concept of Big Data has become central to modern science, industry, and
decision-making processes. The unprecedented growth of digital technologies, internet usage,
and connected devices has led to the continuous generation of massive amounts of data from
diverse sources such as online transactions, emails, sensors, mobile devices, multimedia content,
and especially social media interactions. This rapid data growth has exceeded the capabilities
of traditional database systems in terms of storage, management, processing, and analysis.

Reports indicate that humanity generated only a few exabytes of data before 2003, while
today the same amount can be produced within days [8]. The expansion of the digital world
into zettabytes of data, along with billions of mobile subscriptions, social media posts, and
connected devices, highlights the scale and complexity of modern data environments. Such an
explosion of data has made it necessary to adopt new technologies and analytical approaches
capable of extracting meaningful information and knowledge from these vast datasets.

Big Data is not only about the size of data but also about the challenges and opportu-
nities associated with its acquisition, storage, processing, analysis, and interpretation. The
data analysis pipeline involves multiple stages including data acquisition, filtering, metadata
generation, information extraction, storage design, mining, and visualization. At each stage,
challenges arise due to heterogeneity, incompleteness, scale, timeliness, privacy concerns, and
system complexity. Therefore, Big Data analytics requires integrated environments that com-
bine database systems, distributed computing frameworks, and advanced analytical algorithms.

Initially, Big Data technologies were embraced by online-native companies such as Google,
Facebook, LinkedIn, and eBay, which built their infrastructures around data-driven architec-
tures from the beginning. However, large traditional organizations later faced the challenge
of integrating Big Data technologies with existing IT infrastructures and analytical practices.
This integration led to the emergence of new perspectives on analytics where Big Data coexists
with conventional data sources and methods.

Within this context, understanding the concept, characteristics, and tools of Big Data
analytics becomes essential before applying these techniques to specific domains such as social
media analytics. This chapter provides the theoretical foundation required for the rest of the
thesis by introducing the concept of Big Data, its main characteristics, and the key tools and
technologies used in Big Data analytics.

I.2 Definition of Big Data
I.2.1 Review of Existing Definitions of Big Data
The concept of Big Data has been widely discussed in the literature, yet no single, universally
accepted definition has emerged. This lack of consensus has led several researchers to analyze
previous definitions, classify them into groups, and propose more comprehensive definitions
based on common elements.

Two important studies in this context are:

• Defining Big Data (2016)

• A Formal Definition of Big Data Based on its Essential Features (2016)

Each study reviewed existing definitions, classified them according to specific perspectives,
and then proposed its own definition.
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Classification of Definitions in the First Study

The first study categorized definitions into three groups:

1. Comparative Definitions: Definitions comparing Big Data with traditional relational
systems.

2. Attribute-Based Definitions: Definitions based on the famous 3Vs and their extensions.

3. Environmental Definitions: Definitions that consider Big Data within its technical and
architectural environment.

Based on this analysis, the study proposed the following definition:

“The term Big Data describes a data environment in which scalable architectures
support the requirements of analytical and other applications which process, with
high velocity, high volume data which may have a variety of data formats and which
may include high velocity data acquisition.” [9]

However, this definition presents certain limitations: it emphasizes the environment, ar-
chitecture, and processing context of Big Data, yet pays less attention to the notion of value
extraction and to the conceptual nature of data as an information asset.

Classification of Definitions in the Second Study

The second study classified existing definitions into four groups according to the focus of each
definition:

1. Attributes of Data: Definitions focusing on the characteristics of data such as Volume,
Velocity, Variety, Veracity, and Value.

2. Technological Needs: Definitions emphasizing the need for powerful technologies, scalable
architectures, and advanced analytical tools.

3. Overcoming Thresholds: Definitions describing Big Data as data that exceeds the capac-
ity of traditional database systems.

4. Social Impact: Definitions highlighting the cultural, social, and organizational impact of
Big Data on society and decision-making.

After analyzing these groups, the authors proposed the following definition:

“Big Data is the Information asset characterized by such a High Volume, Velocity
and Variety to require specific Technology and Analytical Methods for its transfor-
mation into Value.”[10]

However, this definition presents certain limitations: while it successfully combines data
characteristics, technological requirements, and value extraction, it focuses mainly on the data
itself as an “information asset” and pays less attention to the broader data environment and
architectural context in which Big Data operates.
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I.2.2 Towards an Approximate Understanding of Big Data
In light of the previous definitions and classifications, we observe that most definitions converge
around a set of common elements that characterize Big Data:

• Very large volume of data.

• High velocity of data generation and processing.

• Great variety of data formats (structured, semi-structured, unstructured).

• The need for specific technologies and analytical methods.

• The inability of traditional systems to efficiently handle such data.

• The goal of extracting value and meaningful insights from data.

• The existence of a technical and architectural environment supporting data storage, pro-
cessing, and analysis.

Therefore, in a simplified and approximate sense, Big Data can be understood as:
Big Data refers to extremely large, fast, and diverse datasets that cannot be ef-
ficiently handled by traditional systems and that require specialized technologies,
scalable architectures, and advanced analytical methods in order to extract valuable
insights.

I.3 Characteristics of Big Data
Before detailing the characteristics, it is useful to indicate how many characteristics were iden-
tified by each source:

• Source 1 – BIG DATA CHARACTERISTICS(2014): identified 6 characteristics.

• Source 2 – A Study of Big Data Characteristics(2016): identified 18 characteristics.

• Source 3 – What makes Big Data, Big Data?(2016): identified 10 characteristics.
From these sources, we can distinguish between core (fundamental) characteristics that

appear repeatedly, and complementary characteristics that enrich the understanding of Big
Data in practical, managerial, and analytical contexts.

I.3.1 Core Characteristics of Big Data
• Volume Refers to the massive size of data generated and stored, often measured in ter-

abytes or petabytes, which imposes serious storage and processing challenges. [11]

• Velocity Describes the speed at which data is generated, transmitted, processed, and
sometimes required to be analyzed in real or near real time. [12]

• Variety Indicates the diversity of data formats such as structured, semi-structured, and
unstructured data including text, images, video, and sensor data. [13]

• Veracity / Quality Relates to the accuracy, completeness, and reliability of data, since
poor-quality data leads to misleading analysis results. [11]

• Value Represents the potential of data to generate useful insights and actionable knowl-
edge for organizations and decision makers. [13]
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Figure I.1: The Five V’s Characteristics of Big Data

I.3.2 Complementary Characteristics of Big Data
• Exhaustivity Big Data systems aim to capture the entire population of data rather than

a sample, meaning all events, records, or interactions are recorded. [12]

• Sensitivity Indicates whether data contains sensitive or confidential information that
requires legal protection and secure handling. [11]

• Structure Refers to the degree of organization of data into structured or unstructured
forms, affecting how easily it can be processed by machines. [11]

• Variability Describes the inconsistency and fluctuation in data flow rates and the presence
of noisy or irregular data patterns. [13]

• Volatility Refers to how long data remains useful and the policies governing its retention
and deletion. [13]

• Visualization Concerns the ability to represent complex data in graphical or visual forms
to support understanding and decision-making. [13]

• Virality Represents how quickly data spreads across users and platforms, especially in
social media contexts. [13]

• Viscosity Refers to the delay between an event occurring and the data describing that
event becoming available. [13]

• Complexity Indicates the difficulty of linking, correlating, and managing data coming
from multiple heterogeneous sources. [13]

• Scalability and Flexibility Describes the ability of systems to scale resources up or down
and adapt to varying data loads and evolving data structures. [12]
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• Relationality and Indexicality Data is accompanied by metadata (time, location, device)
allowing linkage between datasets and identification of data origin.[12]

• Verbosity Refers to redundancy of information collected from multiple sources which may
require filtering and cleaning. [13]

• Voluntariness Big Data can be used voluntarily by different organizations for various
analytical and decision-making purposes. [13]

• Versatility Denotes the adaptability of Big Data to be used in different contexts and
application domains. [13]

I.4 Concept and Tools of Big Data Analytics
The growing volume of data generated every second from digital platforms, especially social
media, has made data analysis an essential necessity for understanding behaviors, trends, and
interactions in real time. In this context, Big Data analytics emerges as a powerful approach
capable of extracting meaningful insights from massive and complex datasets that traditional
tools can no longer handle.

I.4.1 Concept of Big Data Analytics
Big Data analytics refers to the process of systematically examining large, diverse, and complex
datasets in order to discover hidden patterns, correlations, trends, and useful information that
support data-driven decision making [14].

Unlike traditional data analytics, which is usually performed after data is stored and over
limited structured datasets, Big Data analytics operates on structured, semi-structured, and
unstructured data generated from multiple sources such as social media platforms, sensors,
mobile devices, logs, and online transactions, often in real or near real time [15].

From a technological perspective, Big Data analytics relies on modern computational frame-
works and distributed processing systems capable of storing and processing data that exceed
the capacity of conventional database systems. This enables new analytical approaches that
were previously impractical using traditional methods [16].

Big Data analytics aims to transform raw data such as tweets, blog posts, search queries,
images, and interaction logs into valuable knowledge through advanced computational tech-
niques, statistical models, and machine learning algorithms to reveal patterns and behavioral
trends [16].

I.4.2 Tools of Big Data Analytics
Big Data analytics relies on a rich ecosystem of tools designed to handle data collection, stor-
age, processing, analysis, and visualization across distributed environments. These tools work
together to enable scalable and efficient management of massive and heterogeneous datasets.

Apache Hadoop
An open-source framework that provides distributed storage through HDFS and distributed
processing using the MapReduce model. It allows large datasets to be stored and processed
across clusters of computers reliably.

Apache Spark
A fast, in-memory data processing engine that supports batch processing, real-time streaming,
SQL queries, and machine learning. Spark is widely used due to its speed and versatility
compared to traditional MapReduce.
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Apache Kafka
A distributed event streaming platform used for real-time data ingestion and pipeline building.
It enables continuous data flow from multiple sources into analytics systems.

Apache Flink
A real-time stream processing engine designed for high-throughput and low-latency data pro-
cessing. It is suitable for applications requiring immediate analytics results.

Apache Hive
A data warehouse system built on top of Hadoop that allows querying large datasets using
SQL-like language (HiveQL). It simplifies data analysis for users familiar with SQL.

HBase An open-source, distributed NoSQL database modeled after Google Bigtable, run-
ning on top of HDFS. It provides real-time read/write access to large datasets and is optimized
for random, low-latency queries.

Cassandra A highly scalable, masterless NoSQL database designed for high availability and
fault tolerance. It excels at handling massive write workloads across distributed clusters with
linear scalability and no single point of failure.

MongoDB
A document-oriented NoSQL database that stores data in flexible JSON-like documents. It is
useful for handling unstructured and semi-structured data common in social media analytics.

Elasticsearch
A distributed search and analytics engine used for fast indexing, searching, and analyzing large
volumes of text data, logs, and social media content.

Apache NiFi
A data flow automation tool that manages the movement of data between systems. It helps in
collecting, routing, and transforming data from multiple sources.

Spark MLlib
A scalable machine learning library built on Apache Spark, providing distributed implementa-
tions of common algorithms for classification, regression, clustering, and collaborative filtering.
It is designed to handle large-scale data processing across clusters with high speed and fault
tolerance.

Scikit-learn
A popular Python library for machine learning that offers simple and efficient tools for data
mining and data analysis. It provides implementations of classification, regression, clustering,
and dimensionality reduction algorithms, though it is primarily suited for single-node compu-
tation.

Jupyter Notebooks
An open-source web application that allows users to create and share documents containing
live code, equations, visualizations, and narrative text. It is widely used for exploratory data
analysis, prototyping, and reproducible research in Python and other programming languages.

RStudio
An integrated development environment (IDE) for the R programming language, dedicated
to statistical computing and graphics. It provides tools for data manipulation, visualization,
modeling, and reporting, making it a standard platform for data scientists and statisticians.

Tableau
A leading business intelligence and data visualization platform that enables users to create
interactive dashboards, charts, and reports without requiring programming skills. It connects
to various data sources and supports real-time data exploration for informed decision-making.

Power BI
A Microsoft business analytics service that provides interactive visualizations and business in-
telligence capabilities with an intuitive interface for end-users. It allows users to connect to
hundreds of data sources, create reports and dashboards, and share insights across organiza-
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tions.
Apache Airflow

A workflow management platform used to schedule, monitor, and automate data processing
pipelines in Big Data projects.

Figure I.2: Hadoop Ecosystem

I.5 Conclusion
This chapter has provided the theoretical foundation necessary for understanding Big Data and
its analytical environment before applying these concepts to social media data in the following
chapters. It began by introducing the notion of Big Data and reviewing several definitions
proposed in the literature, highlighting the common elements that characterize Big Data as a
data environment requiring specialized technologies and analytical methods to extract value.

The chapter then examined the main characteristics of Big Data, distinguishing between
core characteristics such as Volume, Velocity, Variety, Veracity, and Value, and complementary
characteristics that further describe the complexity, scalability, and practical implications of
Big Data systems. These characteristics demonstrate why traditional data management tools
are no longer sufficient to handle modern data environments.

Finally, the concept of Big Data analytics and its main tools were presented. The discus-
sion showed how distributed frameworks, NoSQL databases, data processing engines, machine
learning libraries, and visualization tools work together to enable the extraction of meaningful
insights from massive and heterogeneous datasets.

Overall, this chapter establishes a clear understanding of Big Data as both a data phe-
nomenon and a technological ecosystem. This understanding forms the basis for the next
chapter, which focuses specifically on applying Big Data analytics to Twitter data as a case
study.
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Chapter II Twitter Big Data Analytics

II.1 Introduction
The rapid growth of social media platforms has reshaped how people, companies, and institu-
tions communicate in the digital age. Interaction, information sharing, and public discussion
now happen largely online. Platforms like Facebook, Instagram, LinkedIn, and YouTube have
become part of everyday routines. They generate vast amounts of user-created content every
minute.

Posts, images, videos, comments, and connections form continuous streams of textual,
visual, and relational data. This data reflects opinions, behaviors, preferences, and patterns
of interaction. Social media now stands as one of the most significant sources of Big Data,
defined by its scale, speed, and diversity.

Among these platforms, Twitter holds a distinct role because of its real-time and public
communication model. Since its launch in 2006, Twitter has grown into a global microblogging
network where millions of users publish short messages, known as tweets. People use it to share
news, express opinions, comment on events, and engage in ongoing conversations.

Hashtags, mentions, and retweets drive information across the platform at high speed.
Topics trend within minutes. Communities form around shared interests. Public reactions
unfold in real time and leave behind measurable interaction data. This structure makes Twitter
a strong source for analyzing trends, sentiment, public opinion, and patterns of social activity.

The availability of Twitter APIs increases its value for both academic research and industry
applications. These interfaces provide structured access to large volumes of real-time and
historical data. Researchers and analysts collect tweets, user profiles, and interaction metadata
to perform advanced analysis using Big Data tools and machine learning methods.

Twitter data supports work in sentiment analysis, event detection, marketing analytics,
disaster management, political communication, and social network analysis. Its open and
streaming nature allows large-scale data collection and structured examination.

Given its size, continuous data flow, and structural complexity, Twitter serves as a strong
case study for applying Big Data analytics techniques. Combining content-based approaches,
such as text mining and sentiment analysis, with network-based methods like interaction and
graph analysis creates a deeper understanding of digital behavior. Content shows what users
say. Network analysis explains how information spreads.

This chapter focuses on Twitter Big Data Analytics. It begins with an overview of social
networks and the defining features of Twitter . It then examines how Twitter APIs and tweet
structures support data collection, followed by a discussion of analytical techniques used to
extract meaningful insights. Through this framework, Twitter emerges as a central environment
for studying large-scale social data using modern analytics methods.

II.2 Social Networks
Social networks have become central platforms for digital communication, enabling individuals,
organizations, and institutions to exchange information in real time. These platforms generate
massive volumes of user-generated content, including text, images, videos, and interaction
metadata. Due to their scale, velocity, and heterogeneity, social networks constitute a major
source of Big Data, reflecting public opinion, behavioral patterns, and social interactions. The
increasing availability of social media data through Application Programming Interfaces (APIs)
has encouraged researchers to adopt computational approaches to study societal phenomena
through large-scale digital traces [17]. In this context, social networks provide a dynamic and
data-rich environment for applying Big Data analytics techniques to understand communication
structures and user behavior.
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II.2.1 Twitter as a Microblogging Platform
Twitter was officially launched in 2006 by Jack Dorsey, Biz Stone, and Evan Williams as an on-
line microblogging service designed to enable users to share short, real-time messages [18]. Since
its creation, Twitter has evolved into one of the most influential social networking platforms
worldwide, playing a significant role in digital communication and information dissemination.

As a microblogging platform, Twitter allows users to publish short posts known as tweets,
which were initially limited to 140 characters 1, encouraging concise and immediate expression
[18]. This structural constraint promotes rapid sharing of opinions, news updates, and reactions
to ongoing events. Over time, the platform expanded its features while maintaining its core
principle of short-form communication.

Twitter enables interaction through several mechanisms, including followers, retweets (RT),
mentions (@), and hashtags (#) [18]. Unlike traditional social networking platforms that
require mutual connections, Twitter operates on an asymmetric follower model, where users
can follow others without reciprocal approval. This structure facilitates large-scale information
diffusion and enhances the speed at which content spreads across the network [18].

Hashtags allow users to categorize content and aggregate discussions around specific topics,
while retweets amplify the reach of messages beyond immediate follower networks [18]. These
interaction mechanisms transform Twitter into a dynamic environment for public discourse,
making it widely used in areas such as politics, marketing, crisis communication, and disaster
response [18].

From a Big Data perspective, Twitter produces massive volumes of user-generated content
on a daily basis, characterized by high volume, high velocity, and predominantly textual data
streams [19]. These properties make Twitter an appropriate and frequently used case study for
applying Big Data analytics techniques, including content analysis, sentiment analysis, trend
detection, and social network analysis of user interactions.

II.2.2 Twitter APIs
Application Programming Interfaces (APIs) are standardized interfaces that allow one software
component to access the data and functionalities of another through defined protocols. In the
context of web services, APIs enable programmatic access to data via HTTP requests, allowing
external applications to retrieve and manipulate structured information without interacting
directly with the graphical web interface [20, 21].

From a software engineering perspective, APIs emerged as a design principle linked to
modularity and interoperability. They separate the internal implementation of a system from
its public interface, allowing changes in the private code without affecting external applications
that rely on the API [20]. In web-based platforms, APIs function as controlled gateways that
regulate access to data while maintaining system stability and scalability.

Twitter was launched in July 2006 as a microblogging service, and only two months after its
launch, it made its API publicly available. This early decision to open the platform to third-
party developers played a crucial role in its rapid growth and ecosystem expansion [20, 21].
The availability of the Twitter API enabled developers to build external applications, mobile
clients, and analytical tools that extended the functionality of the platform beyond its original
web interface.

Technically, the Twitter API follows RESTful principles and supports HTTP methods such
as GET, POST, and DELETE. GET requests are typically used to retrieve data, while POST
requests are required for operations that modify data, such as publishing or deleting tweets [21].

1It was officially doubled to 280 characters in November 2017
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The API supports multiple data formats including XML, JSON, RSS, and Atom, facilitating
integration with different programming environments and applications [21].

Historically, Twitter has provided two main types of APIs: the REST API and the Stream-
ing API. The REST API enables developers to access core functionalities such as retrieving
user timelines, posting tweets, accessing follower information, and performing keyword searches.
The Streaming API, on the other hand, allows near real-time access to a continuous stream of
tweets filtered by keywords, users, or geographic parameters [20, 22].

Each tweet retrieved through the API contains not only the textual content but also rich
metadata such as creation time, user profile information, number of followers, retweets, fa-
vorites, and sometimes geographic coordinates. This structured metadata makes the Twitter
API particularly valuable for research in areas such as credibility analysis, event detection,
sentiment analysis, and social network modeling [22].

To ensure fair usage and system stability, Twitter imposes rate limits on API requests.
These limits restrict the number of requests that can be made within a given time window, and
different policies apply to authenticated and unauthenticated requests [21]. Authentication
mechanisms, including OAuth, are used to securely authorize applications to access user data
without exposing credentials [21].

Beyond simple data retrieval, the Twitter API provides access to several operational groups
of methods, including publishing tweets, retrieving information streams, managing the follow
network, exchanging direct messages, administering accounts, and performing keyword searches
[21]. These structured methods make it possible to construct comprehensive data collection
and analysis pipelines.

From a Big Data perspective, the Twitter APIs represent the primary gateway for acquiring
high-volume and high-velocity social media data. By enabling structured, automated, and scal-
able data collection, they form the foundational layer for Twitter Big Data Analytics systems,
supporting both content-oriented and network-oriented analytical approaches.

II.2.3 Structure and Architecture of a Tweet
On Twitter , the tweet is the core unit of communication. At first, tweets were restricted to
140 characters 2, a limit inherited from the SMS protocol and its 140-byte capacity [21]. In
reality, this restriction is measured in bytes rather than characters, since Twitter relies on UTF-
8 encoding; Unicode symbols can therefore reduce the effective count [21]. Direct messages,
however, allowed up to 255 characters [21].

This character cap shaped the way users expressed themselves: tweets became short, im-
mediate, and highly condensed [21]. They are designed for quick sharing rather than lengthy
elaboration.

Tweets as Form and Content

While defined by their length, tweets are flexible in meaning and purpose. As Tracing Twitter :
the rise of a microblogging platform notes, they can be conversational, expressive, informative,
or promotional [23]. Early discussions questioned whether Twitter was mainly a space for
everyday social talk or a broader channel for news and information [23].

Pear Analytics offered a practical classification: tweets fall into six groups—news, spam,
self-promotion, pointless chatter, conversational exchanges, and retweets. This mix shows
how Twitter blends casual social interaction with information sharing [23]. In other words, it
functions both as a social network and as a medium for distributing content.

2It was officially doubled to 280 characters in November 2017
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Status Object: Technical Representation of a Tweet

From the API perspective, each tweet is represented as a Status Object. Stream-related meth-
ods return either a single status or a collection grouped under the statuses element [21].

A status object contains the tweet text plus metadata describing its context. Key fields
include:

• text: the tweet’s visible content.

• created_at: timestamp in GMT.

• id: unique identifier for the tweet.

• source: the application used to post it.

• truncated: shows if the tweet exceeds display limits.

• in_reply_to_status_id: links to another tweet.

• in_reply_to_user_id and in_reply_to_screen_name: identify the user being replied
to.

• favorited: indicates whether the tweet was bookmarked.

• user: a nested object with details about the author.

The nested user element makes it possible to access author information directly, without
an extra API call [21].

In short, a tweet is both a brief textual message and a structured data object enriched with
metadata about time, relationships, and authorship. This dual role—social and technical—
explains why tweets are the central unit in Twitter research.

II.3 Twitter Big Data Analytics
The massive growth of data generated by Twitter has positioned the platform as one of the
most significant real-world laboratories for Big Data analytics. Millions of tweets are produced
daily, forming continuous streams of textual, relational, and temporal data. From a Big Data
perspective, Twitter data is characterized by high volume, high velocity, and high variety,
requiring scalable architectures, efficient data management strategies, and advanced analytical
techniques [24].

Twitter Big Data Analytics refers to the collection, management, processing, and analysis
of large-scale Twitter datasets in order to extract meaningful patterns, trends, sentiments, and
structural properties of interactions. This process generally involves three major components:
data collection, data management and preprocessing, and analytical modeling [24].

II.3.1 Data Collection at Scale
Effective Twitter analytics begins with systematic data collection. Researchers have several
API options provided by Twitter , including the Search API, Streaming API, and REST API,
each offering different capabilities and constraints [24].

The Search API allows querying recent tweets based on keywords and returns a collection
of relevant tweets. The Streaming API enables real-time data capture, filtering tweets by
keywords, hashtags, user IDs, or geographic regions. The REST API provides access to specific
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user timelines and metadata. However, these APIs impose rate limits and often provide only
partial coverage of the full Twitter stream. For instance, the Streaming API typically delivers
a 1% sample of the public stream, commonly referred to as the “Spritzer” stream [24].

Due to such limitations, large-scale analytical tasks often require distributed crawling strate-
gies and cloud-based infrastructures to ensure continuous data acquisition over extended peri-
ods. Distributed systems have been proposed to enable scalable crawling and improved coverage
of communities of interest [24]. The collected data is typically returned in JSON format, which
facilitates structured storage and downstream processing.

II.3.2 Data Preprocessing and Management
Raw Twitter data is inherently noisy and requires extensive preprocessing before meaningful
analysis can be performed. Tweets frequently contain abbreviations, emoticons, hyperlinks,
hashtags, and informal language structures. As emphasized in text analytics research, prepro-
cessing plays a crucial role in transforming unstructured textual data into analyzable formats
[25].

Common preprocessing steps include:

• Lowercasing text to ensure uniform representation.

• Removal of URLs, HTML tags, and emoticons.

• Removal of punctuation marks.

• Stop-word removal.

• Removal of extremely frequent or rare terms.

• Stemming and lemmatization to reduce words to their base forms.

These steps enhance the quality of feature extraction and improve the performance of
machine learning algorithms [26]. Frameworks such as TrendMiner and TwitIE integrate pre-
processing pipelines that include tokenization, part-of-speech tagging, language identification,
named entity recognition, and sentiment extraction [24]. The development of modular pre-
processing pipelines allows researchers to reuse and extend components for different analytical
tasks.

II.3.3 Content-Based Analytics
Content-based analytics focuses on extracting insights directly from tweet text. Two primary
approaches dominate this domain: topic modeling and sentiment analysis.

Topic Modeling

Topic modeling aims to automatically discover latent thematic structures in large text corpora.
Latent Dirichlet Allocation (LDA) is one of the most widely used probabilistic models for this
purpose [26, 19]. In LDA, each tweet is treated as a document composed of a mixture of topics,
and each topic is represented as a probability distribution over words.

The LDA workflow typically involves:

1. Text preprocessing (lowercasing, tokenization, stop-word removal, stemming).

2. Vectorization of documents.
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3. Iterative probabilistic assignment of words to topics.

4. Estimation of topic-word distributions.

Through this approach, researchers can identify dominant themes such as politics, sports,
or health-related discussions, enabling high-level understanding of user discourse [19].

Sentiment Analysis

Sentiment analysis seeks to determine the emotional polarity of tweets. It associates textual
content with positive, negative, or neutral sentiment scores [19]. Sentiment can be calculated
using lexicon-based methods or machine learning classifiers.

Lexicon-based approaches compare tweet words against predefined dictionaries containing
positive and negative scores. However, contextual sensitivity is crucial, as word polarity may
vary across domains [19]. Alternatively, supervised classification techniques such as Naïve
Bayes or Support Vector Machines (SVM) can be used to automatically label tweets [26].

Sentiment analytics has practical applications in brand monitoring, customer support eval-
uation, and public opinion analysis. Aggregated sentiment distributions provide insights into
customer satisfaction levels and brand perception trends [25].

II.3.4 Similarity Measures and Trend Detection
Trend detection is a central objective in Twitter Big Data Analytics. Several computational
techniques are used to identify trending topics and cluster related content.

Hashtag counting represents a basic method for identifying popular themes by measuring
frequency of occurrence [26]. Noun counting provides an alternative linguistic-based trend
detection strategy.

More advanced techniques include cosine similarity and Jaccard similarity, which measure
textual similarity between tweets or between tweets and predefined clusters. Cosine similarity
computes the cosine of the angle between two document vectors in multidimensional space,
allowing similarity measurement independent of document length [26]. Jaccard similarity mea-
sures overlap between sets of terms, supporting classification of tweets into thematic clusters.

Clustering algorithms such as K-means further group tweets or users into coherent categories
based on similarity metrics. These clusters reveal behavioral patterns and interest groups
among Twitter users [26].

II.3.5 Network-Based Analytics
Beyond textual content, Twitter data can be analyzed through network structures. A network
consists of nodes (users or hashtags) and edges (relationships such as retweets or co-occurrences)
[19].

A retweet network models information diffusion, where directed edges represent the flow of
content from one user to another. Centrality measures are used to identify influential users:

• Degree Centrality (In-degree and Out-degree).

• In-Degree Centrality: number of times a user is retweeted.

• Out-Degree Centrality: number of retweets a user performs.

29



Chapter II Twitter Big Data Analytics

These measures help identify key actors and opinion leaders within the network [19].
Hashtag co-occurrence networks represent relationships between topics, where edges connect

hashtags that appear together within tweets. Weighted edges reflect frequency of co-occurrence,
enabling exploration of thematic structures [19].

Network-based analytics complements content-based methods by revealing structural prop-
erties of information diffusion and community formation.

While network-based analytics represents a powerful complementary approach, the present
work focuses primarily on content-based sentiment analysis, leaving network-level analysis as
a direction for future research.

II.3.6 Real-Time Analytics and Streaming Architectures
Given the high velocity of Twitter data, real-time analytics has become increasingly important.
Frameworks such as Apache Spark enable structured streaming of tweets, allowing continuous
processing of incoming data [26].

In streaming architectures, tweets are written to a TCP socket and processed in micro-
batches. Spark processes each batch immediately, updating analytical results dynamically.
This approach eliminates delays associated with static data collection and enhances the re-
sponsiveness of trend detection systems [26].

Real-time analytics is particularly valuable in crisis detection, disaster monitoring, and
event tracking scenarios, where timely insights are critical.

II.3.7 Toward Integrated Analytics Frameworks
Existing systems often focus on isolated components such as data collection, preprocessing,
or visualization. However, there is increasing recognition of the need for unified frameworks
that integrate crawling, preprocessing, information extraction, querying, and visualization into
cohesive platforms [24].

An integrated framework enables analysts to focus on the research objectives rather than
infrastructural complexities. Such systems must address scalability, data quality, rate limita-
tions, and real-time processing constraints.

In summary, Twitter Big Data Analytics encompasses a multidisciplinary pipeline com-
bining distributed data acquisition, advanced text mining, similarity measurement, clustering,
network modeling, and streaming analytics. The integration of these components allows re-
searchers and practitioners to extract valuable insights from massive Twitter datasets, support-
ing applications in marketing, public opinion analysis, crisis management, and social behavior
modeling.

II.3.8 Ethical and Governance Considerations in Twitter Big Data Analytics
As Big Data analytics on social media platforms becomes increasingly prevalent, it raises critical
ethical, legal, and governance challenges that researchers and practitioners must address. This
section briefly discusses four key dimensions relevant to Twitter analytics.

General Data Protection Regulation (GDPR)

The General Data Protection Regulation (GDPR), enforced since May 2018 across the Euro-
pean Union, represents one of the most comprehensive legal frameworks governing the collec-
tion, storage, and processing of personal data [27]. In the context of Twitter analytics, GDPR
introduces several constraints. Even though tweets are publicly accessible, they may still
constitute personal data under GDPR when they can be linked to an identifiable individual.
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Researchers collecting Twitter data must therefore consider the legal basis for processing, the
principle of data minimization, the right to erasure, and restrictions on cross-border data trans-
fers. The tension between the openness of Twitter’s API and GDPR compliance remains an
active area of legal and technical debate, particularly for large-scale academic and commercial
analytics projects.

Data Governance

Data governance refers to the set of policies, processes, and standards that ensure data is
managed consistently, securely, and responsibly throughout its lifecycle [28]. In Big Data sys-
tems applied to social media, effective data governance encompasses several dimensions: data
quality management to ensure accuracy and completeness of collected tweets; access control
policies to restrict unauthorized use of sensitive datasets; provenance tracking to maintain
transparency about data origins and transformations; and retention policies governing how
long data is stored and when it should be deleted. Without robust governance frameworks,
Big Data analytics pipelines risk producing unreliable results, violating user privacy, or failing
to meet regulatory requirements.

Ethical AI and Responsible Analytics

The integration of machine learning into social media analytics raises important questions
about the ethical use of artificial intelligence. Ethical AI principles emphasize transparency,
accountability, fairness, and the avoidance of harm in the design and deployment of analytical
systems [29]. In the context of Twitter sentiment analysis, these principles translate into con-
crete requirements: models should be interpretable enough for their decisions to be understood
and audited; analytical outputs should not be used to manipulate public opinion or target vul-
nerable individuals; and the limitations of automated sentiment classification — including its
inability to reliably detect sarcasm, cultural nuance, or implicit sentiment — should be clearly
communicated to end users. As AI-driven social media analytics is increasingly applied in
high-stakes domains such as political communication, public health monitoring, and financial
forecasting, adherence to ethical AI frameworks becomes not merely a recommendation but a
professional obligation.

Bias in Social Media Data

Social media data, and Twitter data in particular, is subject to multiple forms of bias that can
significantly distort analytical results if left unaddressed [30].

Selection bias arises from the fact that Twitter users do not represent the general population:
they tend to be younger, more educated, more politically engaged, and concentrated in urban
areas, which limits the generalizability of findings to broader society.

Algorithmic bias refers to distortions introduced by Twitter’s own recommendation and
content moderation systems, which influence what content is amplified or suppressed before it
ever reaches researchers.

Temporal bias reflects the uneven distribution of tweet activity across time, with major
events generating disproportionate volumes of data that can skew trend detection results.

Label bias is particularly relevant to sentiment analysis: datasets labeled through distant
supervision — such as Sentiment140, which uses emoticons as proxies for sentiment — may
introduce systematic noise, as the assumed correspondence between emoticons and sentiment
polarity is not universally valid.

Acknowledging and mitigating these sources of bias is essential for producing reliable and
generalizable insights from Twitter Big Data analytics.
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II.4 Conclusion
This chapter has presented a comprehensive overview of Twitter as a rich and dynamic envi-
ronment for Big Data analytics. Starting from the conceptual foundations of social networks,
Twitter was examined both as a microblogging platform and as a large-scale data ecosystem
characterized by high volume, velocity, and variety. Its asymmetric follower model, real-time
communication structure, and interaction mechanisms such as hashtags, mentions, and retweets
make it a unique platform for studying digital communication and information diffusion.

The chapter also highlighted the central role of Twitter APIs as the primary gateway for
structured data acquisition. Through REST and Streaming interfaces, researchers can collect
tweets, user metadata, and interaction networks in JSON format, enabling large-scale analytical
workflows. However, API rate limits and sampling constraints require careful design of data
collection strategies and scalable infrastructures.

From an analytical perspective, Twitter Big Data Analytics was presented as a multi-stage
pipeline including data collection, preprocessing, content-based analysis, similarity measure-
ment, network modeling, and real-time streaming analytics. Content-based approaches such as
topic modeling and sentiment analysis enable extraction of thematic and emotional patterns
from textual data. Similarity measures and clustering techniques support trend detection and
thematic grouping, while network-based analytics reveals structural properties of user interac-
tions and information diffusion. Furthermore, streaming architectures provide the capability to
process Twitter data in real time, which is particularly important for time-sensitive applications
such as crisis monitoring and event detection.

Overall, Twitter represents an ideal case study for applying Big Data technologies and com-
putational social science methods. The integration of textual, temporal, and relational dimen-
sions allows for a multidimensional understanding of online behavior. This chapter therefore
establishes the theoretical and methodological foundation necessary for conducting large-scale
Twitter analytics, which will support the practical and experimental components presented in
the following chapters.
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III.1 Introduction
This chapter presents the design and implementation of the proposed sentiment analysis system.
Following a structured approach, it begins with the system design phase, which covers the
functional requirements, structural components, and overall architecture. It then describes the
development environment and the tools selected for the implementation. Finally, it details
the implementation itself, covering both the batch processing pipeline for large-scale historical
analysis and the real-time stream processing component, followed by a performance evaluation
of all trained models.

The system is built to address the challenges of volume, velocity, and variety inherent in
social media data. To achieve this, we rely on distributed computing frameworks and streaming
platforms that ensure high performance, fault tolerance, and scalability. The overall workflow
includes data collection, preprocessing, feature extraction, model training, prediction, and
visualization.

First, we describe the tools and technologies used to develop the system, including dis-
tributed storage, data processing frameworks, and messaging systems. Then, we present the
global architecture that illustrates how different components interact within the system.

The batch processing phase is detailed next, where we explain how historical Twitter data
is collected, cleaned, and transformed before applying sentiment analysis models. This phase
also includes the visualization of results to better understand the distribution and trends of
sentiments.

After that, we introduce the stream processing component, which enables real-time senti-
ment analysis using a continuous flow of data. This part highlights how incoming tweets are
processed instantly and how predictions are generated and stored.

Finally, we evaluate the performance of the implemented system using appropriate metrics
such as accuracy and AUC, and we discuss the obtained results. The chapter concludes with
a summary of the implementation and key findings.

III.2 System Design
This section presents the design of the proposed sentiment analysis system before describing its
technical implementation. It covers the functional requirements through a use case diagram,
the structural organization of the main components through a class diagram, and the overall
system architecture.

III.2.1 Use Case Diagram
The use case diagram (Figure III.1) identifies the two primary actors interacting with the
system and the main functions each actor can perform.

• Data Engineer: responsible for data ingestion, preprocessing, model training, and pipeline
deployment.

• Analyst: responsible for exploring results, visualizing data through Power BI, and eval-
uating model performance.
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Sentiment Analysis System

Data
Engineer

Analyst

Upload Dataset to HDFS

Run Preprocessing Pipeline

Train ML Model

Deploy Kafka Streaming

View EDA Dashboards

Evaluate Model Performance

Figure III.1: Use Case Diagram of the sentiment analysis system.

III.2.2 Class Diagram
The class diagram (Figure III.2) presents the main logical components of the pipeline and their
relationships at a conceptual level.

DataIngestion

datasetPath: String
hdfsPath: String

loadCSV(): DataFrame
uploadToHDFS(): void
streamToKafka(): void

Preprocessor

minWordCount: Int
encoding: String

cleanText(): String
removeURLs(): String
filterShort(): DataFrame

FeatureExtractor

numFeatures: Int
ngramSize: Int

tokenize(): DataFrame
applyHashingTF():
DataFrame
applyIDF(): DataFrame

MLModel

algorithm: String
maxIter: Int
classWeights: Map

train(): PipelineModel
evaluate(): Metrics
saveToHDFS(): void

StreamProcessor

kafkaTopic: String
checkpointDir: String

consumeKafka(): void
predict(): void
writeResults(): void

ResultStore

outputPath: String
format: String

appendRecord(): void
writeCSV(): void
checkpoint(): void

feeds extracts

trains preprocesses
features

storesloaded by

Figure III.2: Class Diagram of the main logical components of the sentiment analysis pipeline.

III.2.3 System Architecture
The architecture of the proposed sentiment analysis system is designed to handle both large-
scale batch processing and real-time stream processing in a unified and scalable manner. It
follows a modular approach, where each component is responsible for a specific task in the data
pipeline, ensuring flexibility, fault tolerance, and high performance.
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Overview

The system is composed of five main layers: data ingestion, storage, processing, machine learn-
ing, and output. These layers interact seamlessly to transform raw textual data into meaningful
sentiment predictions, supporting both offline batch analysis and real-time streaming inference.

(a) Batch Processing (b) Stream Processing

Figure III.3: Architecture diagrams
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Kaggle
Datasets HDFS PySpark

Spark
ML Model

(MLlib)
Kafka
Broker

HDFS
Results

1. Upload CSV
/datasets/

2. Read CSV

3. Clean · Normalize · Filter (UDF)

4. Write Parquet
/cleaned/

5. Read cleaned

5b. EDA → Power BI CSV
5c. Save EDA

/Power_BI/

6. Read cleaned

6b. TF-IDF · Train (LR/NB/SVM)
6c. PipelineModel

6d. Save model
/models/

7. Publish tweets (0.001s delay)
topic: tweets

8. Consume micro-batch

9. Load PipelineModel

9b. Predict (0/1/2)
10. tweet · label · timestamp

10b. Append CSV + checkpoint
/results/

Figure III.4: UML Sequence Diagram of the complete sentiment analysis pipeline.

Data Ingestion Layer

The data ingestion layer is responsible for feeding the system with input data in two distinct
modes.

For batch processing, two large-scale datasets were loaded from Kaggle and transferred into
HDFS. The first is the Sentiment140 dataset containing 1.6 million annotated tweets, and the
second is the Twitter Sentiment Dataset containing 3 million labelled rows. Both datasets were
used to train and evaluate multiple machine learning models under different configurations.

For stream processing, Apache Kafka was used as a real-time data ingestion platform.
A custom Python-based Kafka producer reads tweets from a CSV file and continuously sends
them to a Kafka topic named tweets, simulating a live Twitter data stream. A time.sleep(0.001)
delay was applied between messages to control the flow rate. Both the Sentiment140 dataset
and the 3 million dataset were used as data sources for the streaming simulation.

Storage Layer

The storage layer is built on top of Hadoop HDFS (version 3.3.6), which serves as the cen-
tralized and distributed storage system. All datasets, intermediate results, trained models,
and streaming outputs are stored in HDFS under organized paths. Raw datasets are stored
under /datasets/, cleaned data in Parquet format under /cleaned/ and /processed/, trained
pipeline models under /models/, and streaming prediction results under dedicated directories
such as /Model_1.6_million_and_dataset_1.6_million/results. EDA outputs intended for
visualization were stored under /Power_BI/ as single-partition CSV files.
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Processing Layer

The processing layer is powered by Apache Spark 3.5.8 using PySpark, which handles both
batch and streaming computations.

In batch mode, Spark processes large volumes of historical data using DataFrames. Text
cleaning operations include lowercasing, removal of URLs, mentions (@user), hashtag symbols,
non-alphabetic characters, and trimming of extra whitespace. After cleaning, data was stored
in Parquet format for efficient downstream access.

In streaming mode, Spark Structured Streaming consumes real-time data from the Kafka
topic tweets. Incoming tweets undergo the exact same preprocessing pipeline applied during
training to ensure consistency between training and inference phases. The results are then
passed directly to the pre-loaded machine learning model for inference.

Machine Learning Layer

The machine learning layer is implemented using Spark MLlib. A Pipeline approach is adopted
to streamline the different stages of text processing and classification. Several models were
trained and evaluated across two datasets and three classification scenarios.

Models on Sentiment140 (1.6 Million Tweets)

Four models were trained on the Sentiment140 dataset for binary classification (Positive vs.
Negative):

• Model V1 — Logistic Regression (Unigrams): Tokenization, stop-word removal, Hash-
ingTF (numFeatures=20000), IDF, and Logistic Regression.

• Model V2 — Logistic Regression (Bigrams): Tokenization, stop-word removal, NGram
(n=2), HashingTF (numFeatures=30000), IDF, and Logistic Regression.

• Model V3 — Naïve Bayes: Tokenization, stop-word removal, HashingTF (numFeatures
=20000), IDF, and Naïve Bayes classifier.

• Model V4 — Linear SVM: Tokenization, stop-word removal, HashingTF (numFeatures
=25000), IDF, and LinearSVC (maxIter=20, regParam=0.1).

Models on Twitter 3 Million Dataset

Three classification scenarios were explored on the 3 million tweet dataset:
• Balanced Multiclass (3 classes): The dataset was balanced by downsampling the Negative

and Positive classes to match the Neutral class size. A Logistic Regression pipeline with
HashingTF (numFeatures=30000) was trained on this balanced split.

• Unbalanced Multiclass (3 classes): Models were trained with class weights to handle
imbalance. Two versions were built: one using CountVectorizer with IDF and Logistic
Regression (maxIter=30), and an enhanced version adding bigrams, combined unigram
and bigram features via VectorAssembler (maxIter=50).

• Binary Classification (Positive vs. Negative): The Neutral class was dropped to focus on
binary sentiment. Three sub-models were trained: Logistic Regression V1 (maxIter=20),
Logistic Regression V2 (maxIter=30, regParam=0.01), and Naïve Bayes, all using Hash-
ingTF with IDF.

All trained pipeline models were saved to HDFS under the /models/ directory for later use
in the streaming phase.
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Output Layer

The output layer is responsible for storing and presenting the results of the sentiment analysis.
In batch processing, predictions and performance metrics (Accuracy and AUC) were evalu-

ated using Spark MLlib evaluators. Prediction results were saved to HDFS as CSV or Parquet
files under /results/.

In streaming processing, pre-trained models were loaded from HDFS and applied directly to
incoming Kafka messages. Results were continuously written to HDFS in CSV format. Each
record includes the processed tweet text, the predicted sentiment label, and the processing
timestamp. Multiple streaming experiments were conducted combining different trained models
with different input datasets, stored under clearly named HDFS directories.

Workflow Summary

The overall workflow is illustrated as a seven-stage roadmap in Figure III.5, covering the full
pipeline from raw data ingestion to real-time streaming predictions.

Step 1
Data Ingestion

Kaggle CSV
→ HDFS

/datasets/

Step 2
Preprocessing

Clean · Dedup
Parquet /cleaned/

Step 3
EDA

PySpark Analysis
Power BI

Dashboards

Step 4
ML Training
TF-IDF Pipelines
Saved → /models/

Step 5
Kafka Producer

CSV → Kafka
Topic: tweets

Step 6
Spark Streaming

Consume ·
Preprocess

Load Model
· Predict

Step 7
Store Results

CSV · label
· timestamp

HDFS /results/

Figure III.5: Seven-stage workflow roadmap of the sentiment analysis system.

III.3 Development Environment and Tools
III.3.1 Big Data Frameworks
Apache Hadoop 3.3.6

Hadoop is widely considered the undisputed standard for big data storage. In our project,
we utilized Hadoop primarily for its Hadoop Distributed File System (HDFS). Given the mas-
sive scale of our datasets (millions of rows), storing them on a local, traditional file system
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Figure III.6: hadoop logo

was not feasible. HDFS allowed us to store the cleaned Parquet files reliably and served as the
foundational layer from which our analytical engines retrieved data.

Apache Spark 3.5.8 and PySpark

Figure III.7: spark logo

While Hadoop is excellent for storage, we selected Apache Spark as our primary processing
engine due to its exceptional speed. Unlike traditional MapReduce which writes intermediate
data to disk, Spark processes data in-memory using Resilient Distributed Datasets (RDDs)
and DataFrames, making it significantly faster for iterative machine learning tasks.

Since Spark is natively built on Scala and runs on the Java Virtual Machine (JVM), writing
raw Spark code can be complex. To bypass this, we exclusively used PySpark, the official
Python API for Spark. PySpark allowed us to leverage the simplicity and rich syntax of
Python while utilizing Spark’s distributed processing power under the hood. Furthermore,
we heavily relied on Spark MLlib — Spark’s scalable machine learning library — to build
our NLP pipelines, apply TF-IDF, and train our Logistic Regression models without worrying
about low-level JVM memory management.

Apache Kafka 4.2.0

Figure III.8: kafka logo

To bridge the gap between static batch processing and real-world scenarios, we integrated
Apache Kafka to simulate real-time stream processing. Kafka is a distributed event-streaming
platform that acts as a highly reliable message broker. In our simulation architecture, we
utilized the following core concepts:

• Topic: We created specific channels where the continuous stream of tweets was published.

• Producer: We built a script that acts as a producer, fetching data and sending it to the
Kafka topic in real-time. To ensure every ingested tweet was uniquely tracked and to
avoid duplication, we assigned a UUID (Universally Unique Identifier) to each message.

• Consumer: On the other side, our Spark Streaming application acted as the consumer,
subscribing to the topic, fetching the live messages, and immediately passing them to our
pre-trained machine learning model for real-time sentiment prediction.
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III.3.2 Data Acquisition and Datasets
Due to the strict limitations and high costs associated with the modern Twitter API, extracting
millions of tweets directly from the platform was not a viable option. Therefore, we relied
on Kaggle, the world’s premier platform for data science and machine learning, which hosts
massive, high-quality, pre-collected datasets essential for training robust big data models.

For this project, we utilized two primary datasets:

• Sentiment140 Dataset (1.6 Million Tweets): This highly popular dataset contains 1.6
million tweets automatically extracted using the Twitter API. The tweets are annotated
with binary sentiment labels (0 for negative, 4 for positive). It contains six fields: target
(polarity), ids, date, flag (query), user, and text. We used this dataset in our initial
phases to train baseline models and test our data cleaning pipelines.

• Twitter Sentiment Dataset (3 Million Labelled Rows): To push the limits of our Spark
cluster and perform a true big data training run, we transitioned to a much larger dataset
containing 3 million rows. This dataset features three sentiment labels (0 = Negative,
1 = Positive, 2 = Neutral). However, the class distribution is severely imbalanced: the
Negative and Positive classes each contain approximately 1.5 million tweets, while the
Neutral class comprises only around 10,000 tweets — representing less than 0.35% of
the total data. This extreme imbalance introduces two fundamental issues. First, any
model trained on this raw distribution risks developing a strong prior bias toward the
majority classes, effectively suppressing the gradient contribution of the minority Neutral
class during optimization. Second, as confirmed by the EDA vocabulary analysis (Sec-
tion III.4.1), the Neutral class in this dataset is dominated by domain-specific financial
terminology (e.g., stocks, SPX, AAPL, trading), suggesting that it represents a topically
biased subset rather than a linguistically neutral sentiment category. Including such a
semantically skewed minority class would introduce systematic noise into the sentiment
signal. For these reasons, the Neutral class was excluded in the binary classification sce-
nario (Scenario 3), allowing the model to focus on the primary sentiment discrimination
task with a balanced and linguistically coherent training set.

III.3.3 Programming Languages and Prerequisites
Building a big data environment requires careful configuration of underlying languages and
dependencies. Our environment was built using:

Python 3.10

Figure III.9: python logo

Python served as the main programming language for writing data preprocessing scripts,
orchestrating the PySpark pipelines, and evaluating the models. Python’s readability and
massive ecosystem made it the ideal choice for all analytical and machine learning tasks.

Java Development Kit (JDK)
Because Hadoop, Spark, and Kafka are all JVM-based, managing Java versions was a

strict technical requirement. We configured our environment to use Java 11 to ensure full
compatibility with the Apache Hadoop and Spark ecosystem, while Java 17 was required to
properly run the latest version of Apache Kafka (4.2.0) for our streaming simulation.
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Figure III.10: java logo

III.3.4 Experimental Environment
All experiments were conducted on a single personal laptop configured as a pseudo-distributed
Big Data environment, simulating a single-node cluster. Table III.1 summarizes the hardware
and software specifications of the experimental machine.

Table III.1: Hardware and software specifications of the experimental environment

Component Specification
Machine Lenovo ThinkPad X390
Operating System Pop!_OS (Linux, Ubuntu 22.04 base)
CPU Intel Core i5 WhiskeyLake-U (8 logical

cores)
RAM 15 GiB
GPU Intel UHD Graphics 620 (integrated, no

CUDA)
Storage Local SSD
Deployment Mode Single-node pseudo-distributed cluster

Hadoop HDFS Cluster Startup

Figure III.11 shows the successful startup of the Hadoop HDFS pseudo-distributed cluster,
confirming that all three required daemons — NameNode, DataNode, and SecondaryNameN-
ode — are running simultaneously on the local machine. The jps command output verifies that
the SparkSubmit process is also active, confirming the co-existence of both Hadoop and Spark
on the same node.
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Figure III.11: Hadoop HDFS pseudo-distributed cluster startup and daemon verification via
jps (NameNode, DataNode, SecondaryNameNode, SparkSubmit)

PySpark Session Initialization

Figure III.12 confirms the successful launch of a PySpark session with 8 GiB driver memory and
8 GiB executor memory. The Spark context runs in local[*] mode, utilizing all 8 available logical
cores, and the Spark Web UI is accessible at http://pop-os:4040 for real-time job monitoring.

Figure III.12: PySpark 3.5.8 session launch with –driver-memory 8g –executor-memory 8g in
local[*] mode

Software Stack Configuration

Table III.2 details the software versions and Java environment configuration used across the
different components of the pipeline.
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Table III.2: Software stack and version configuration

Component Version / Configuration
Apache Hadoop 3.3.6 — pseudo-distributed mode

(HDFS)
Apache Spark 3.5.8 — local[*] mode via PySpark
Apache Kafka 4.2.0 (KRaft mode, no ZooKeeper)
Python 3.10
Java (Hadoop/Spark) OpenJDK 11
Java (Kafka) OpenJDK 17.0.17 (2025-10-21)
Spark Driver Memory 8 GiB
Spark Executor Mem-
ory

8 GiB

Cluster Deployment Mode

The system operates in pseudo-distributed mode, where all Hadoop and Spark daemons run on
the same physical machine while preserving the distributed architecture semantics. The HDFS
cluster is started via the following daemon sequence:

1. hdfs –daemon start namenode

2. hdfs –daemon start datanode

3. hdfs –daemon start secondarynamenode

Spark sessions are launched with explicit memory allocation to maximize the available 15
GiB RAM:

pyspark –driver-memory 8g –executor-memory 8g

This configuration allocates 8 GiB to the Spark driver process and 8 GiB to the executor,
leaving the remaining memory for the operating system and HDFS daemons.

Kafka KRaft Configuration

Apache Kafka 4.2.0 was deployed in KRaft mode (Kafka Raft metadata mode), which elimi-
nates the dependency on Apache ZooKeeper. This represents a significant architectural simpli-
fication for single-node deployments. The Kafka setup procedure for each streaming experiment
follows these steps:

1. Generate a unique cluster UUID:

bin/kafka-storage.sh random-uuid

2. Format the storage directory with the generated UUID:

bin/kafka-storage.sh format –standalone -t <UUID> -c config/server.properties
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3. Start the Kafka broker:

bin/kafka-server-start.sh config/server.properties

4. Create the tweets topic with a single partition and replication factor of 1 (appropriate
for single-node deployment):

bin/kafka-topics.sh –create –topic tweets –bootstrap-server localhost:9092 –partitions 1
–replication-factor 1

Implications for Big Data Scalability

It is important to contextualize the experimental environment within the Big Data paradigm.
A single-node pseudo-distributed setup with 8 logical cores and 15 GiB RAM represents a
resource-constrained environment compared to production multi-node clusters. Several impli-
cations follow directly from this configuration.

First, no GPU acceleration was available throughout all experiments. The Intel UHD
Graphics 620 is an integrated graphics unit without CUDA support, which excludes the use
of GPU-accelerated deep learning frameworks. This constraint directly motivates the choice
of CPU-optimized distributed algorithms (Spark MLlib TF-IDF + Logistic Regression) over
Transformer-based models, which require GPU infrastructure for practical training on million-
scale datasets.

Second, Spark runs in local[*] mode, utilizing all 8 available logical cores for parallel task ex-
ecution. While this is not equivalent to a multi-node cluster, it preserves the Spark DataFrame
and MLlib API semantics, ensuring that the implemented pipelines are directly portable to a
production cluster environment without code modification.

Third, memory allocation of 8 GiB per Spark process required careful management during
training on the 3-million-row dataset. Parquet format was used throughout the pipeline to
minimize memory footprint through columnar compression, and intermediate results were per-
sisted to HDFS rather than kept in memory to prevent out-of-memory errors during multi-stage
pipeline execution.

These constraints confirm that the performance results reported in Section III.5 were ob-
tained under resource-limited conditions, and that deployment on a genuine multi-node cluster
would be expected to reduce processing time significantly while maintaining equivalent model
accuracy.

III.4 Implementation
This section describes the practical realization of the system components described in the design
phase. It is divided into two main parts: batch processing for offline large-scale analysis, and
stream processing for real-time inference.

III.4.1 Batch Processing
Introduction

The batch processing phase constitutes the core analytical component of this project. It en-
compasses the full pipeline from raw data collection to model training and evaluation, applied
to two large-scale Twitter datasets. All processing was performed using Apache Spark via PyS-
park, leveraging its distributed computing capabilities to handle millions of records efficiently.
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Data Collection

Due to the strict limitations and high costs associated with the modern Twitter API, tweets
were not collected directly from the platform. Instead, two large-scale, pre-annotated datasets
were obtained from Kaggle and stored in HDFS under the /datasets/ directory.

Sentiment140 Dataset

The first dataset is the well-known Sentiment140 corpus, containing 1,600,000 tweets extracted
via the Twitter API and annotated automatically using distant supervision. The dataset
contains six fields: target (sentiment polarity), ids (tweet ID), date, flag (query), user, and
text. The original labelling scheme uses 0 for negative and 4 for positive tweets; this was
remapped to a binary scheme (0 = Negative, 1 = Positive) during preprocessing. The dataset
is perfectly balanced, containing exactly 800,000 tweets per class.

Twitter 3 Million Dataset

The second dataset contains 3,000,000 labelled tweets covering three sentiment classes: 0 (Neg-
ative), 1 (Positive), and 2 (Neutral). However, the class distribution is highly imbalanced: the
Negative and Positive classes each contain approximately 1.5 million tweets, while the Neu-
tral class contains only around 10,000 tweets. This imbalance required dedicated handling
strategies during the model training phase, as described in Section III.4.1.

Preprocessing

Before training any machine learning model, both datasets underwent a rigorous data cleaning
and preparation pipeline implemented in PySpark. The preprocessing steps were designed to
remove noise, normalize the text, and ensure data quality.

Stop Words Configuration

In the preprocessing pipelines, stop-word removal was applied selectively. Two distinct config-
urations were used depending on the model variant:

• Spark MLlib Default Stop Words: For models V1–V4 on Sentiment140 and all Twit-
ter 3M models, the built-in English stop-word list provided by StopWordsRemover in
Spark MLlib was used. This list contains 318 common English words, including common
pronouns, articles, prepositions, and conjunctions (e.g., the, a, is, in, at, which, on).

• Custom StopWords (EDA only): For the Exploratory Data Analysis phase (Section III.4.1),
a domain-specific extended stop-word list was applied to the frequency analysis. This
custom list augmented the default Spark list with Twitter-specific tokens that carry no
analytical value, including: rt (retweet marker), via, amp (HTML entity residue), lol,
im, ur, u, r, got, like, get, just, go, know, time, day, one, now, today, will.

It is worth noting that, as discussed in Section III.5, the Baseline model — which omits
stop-word removal entirely — achieved the highest performance on the Sentiment140 dataset.
This finding underscores the importance of domain-specific evaluation before applying standard
stop-word lists to short social media text.
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Preprocessing of the Sentiment140 Dataset

The raw CSV file was loaded into Spark with ISO-8859-1 encoding (latin-1), as the file contains
non-ASCII characters. Columns were renamed to meaningful names: target, ids, date, flag,
user, and text. The following cleaning steps were then applied sequentially:

• Duplicate removal: Rows with duplicate tweet IDs were dropped using dropDuplicates
([”ids”]).

• Null filtering: Rows with missing text or target values were removed.

• Label remapping: The original label 4 (positive) was remapped to 1, keeping 0 as nega-
tive, resulting in a standard binary classification scheme.

• Text cleaning (UDF): A custom Python UDF was applied to each tweet, performing the
following operations:

– Removal of URLs (http, www).
– Removal of @mentions.
– Removal of the # symbol while preserving hashtag words.
– Removal of HTML entities (&amp;, &lt;, etc.).
– Stripping of non-ASCII characters.
– Removal of special characters, keeping only letters, digits, spaces, and basic punc-

tuation.
– Collapsing of multiple whitespace characters.
– Conversion to lowercase.

• Short tweet filtering: Tweets with fewer than 3 words after cleaning were discarded.

• Metadata cleaning: The user column was normalized to lowercase and stripped of special
characters. The flag column was uppercased and trimmed.

The cleaned dataset was saved back to HDFS as a CSV file under /datasets/twitter/ with
UTF-8 encoding, with a word_count column added for downstream EDA use.

Preprocessing of the Twitter 3 Million Dataset

The 3 million tweet dataset was loaded from HDFS with UTF-8 encoding and multiline support.
Columns were renamed defensively to id, tweet, and sentiment. The following cleaning steps
were applied:

• Leaked header removal: Rows where the tweet column contained the literal string ”tweet”
— a common artifact of concatenated CSV exports — were filtered out.

• Type casting: The sentiment column was cast to integer and filtered to retain only valid
labels {0, 1, 2}.

• Null and empty filtering: Rows with null or empty tweet values were dropped.

• Text cleaning (UDF): The same text normalization pipeline described above was applied,
including URL removal, mention removal, hashtag normalization, HTML entity stripping,
ASCII encoding, and whitespace collapsing.
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• Duplicate removal: Exact duplicates based on the (tweet, sentiment) pair were removed.

• Short tweet filtering: Tweets with fewer than 3 words were discarded.

• ID reassignment: Clean sequential IDs were assigned using
monotonically_increasing_id().

The cleaned dataset was saved to HDFS under /datasets/twitter3m/ as a single-partition
CSV file.

Preprocessing Execution in PySpark

Figure III.13 illustrates the live execution of the preprocessing pipeline in a PySpark interactive
shell. The screenshot confirms the actual reading of the Sentiment140 dataset from HDFS
(hdfs://localhost:9000/datasets/twitter/), column renaming, text cleaning via regexp_replace,
label remapping from 4 to 1, and the construction of the final cleaned DataFrame— all executed
on the distributed Spark engine.

Figure III.13: Live PySpark execution of the Sentiment140 preprocessing pipeline: HDFS data
loading, text cleaning, and label remapping

Sentiment Analysis

The sentiment analysis phase consists of building and evaluating machine learning pipelines
using Spark MLlib. All pipelines share a common NLP structure: tokenization, stop-word
removal, feature extraction via TF-IDF (either HashingTF or CountVectorizer combined with
IDF), and a classification algorithm. The models were trained and evaluated across two datasets
and three classification scenarios. For binary classification tasks, performance is reported using
Accuracy, F1-Score, and AUC. For multiclass tasks, AUC is not applicable in Spark MLlib’s
multiclass setting; Accuracy, F1-Score, and Precision are reported instead.

Models on Sentiment140 (1.6 Million Tweets)

Five models were trained on the preprocessed Sentiment140 dataset for binary sentiment clas-
sification (Positive vs. Negative). The dataset was split into 80% training and 20% test sets
using a fixed random seed of 42.
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Figure III.14: Spark MLlib pipeline architectures for the three main model configurations.

Baseline model — Logistic Regression (no stop-word removal) As a first exploration, a mini-
mal pipeline was built without stop-word removal: Tokenizer→HashingTF (numFeatures=10000)
→ Logistic Regression. Despite its simplicity, this baseline achieved the highest performance
on the Sentiment140 dataset, with Accuracy 77.44%, F1-Score 77.44%, and AUC 0.847. This
result suggests that for this dataset, stop-words carry discriminative sentiment signals that are
lost when removed.

Baseline Model Training and Evaluation Output

Figure III.15 presents the actual terminal output of the Baseline model training and evaluation
on the Sentiment140 dataset. The results confirm the reported metrics: Accuracy = 0.7744, F1-
Score = 0.7743, and AUC = 0.8469, directly validating the values reported in Table III.5. The
pipeline (Tokenizer → HashingTF → Logistic Regression) is clearly visible in the code, and the
evaluators used are MulticlassClassificationEvaluator and BinaryClassificationEvaluator from
pyspark.ml.evaluation.

Figure III.15: Terminal output of Baseline Logistic Regression training and evaluation on
Sentiment140: Accuracy = 0.7744, F1 = 0.7743, AUC = 0.8469

Model V1 — Logistic Regression with unigrams The first pipeline introduced stop-word re-
moval: Tokenizer → StopWordsRemover → HashingTF (numFeatures=20000) → IDF → Lo-
gistic Regression. Accuracy: 76.51%, F1-Score: 76.50%, AUC: 0.839. The slight drop compared
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to the baseline confirms that removing stop-words slightly reduced discriminative power for this
dataset.

Model V2 — Logistic Regression with bigrams An NGram (n=2) stage was inserted be-
tween StopWordsRemover and HashingTF (numFeatures=30000), replacing unigram tokens
with bigram pairs. Accuracy: 65.24%, F1-Score: 65.20%, AUC: 0.718. The significant drop
in performance indicates that discarding unigrams entirely and relying solely on bigrams is
detrimental for this dataset, likely due to increased data sparsity at the bigram level.

Model V3 — Naïve Bayes Stop-word removal was retained, and Logistic Regression was re-
placed by a Naïve Bayes classifier: Tokenizer→ StopWordsRemover→HashingTF (numFeatures
=20000) → IDF → Naïve Bayes. Accuracy: 74.50%, F1-Score: 74.50%, AUC: 0.499. While the
accuracy remains reasonable, the near-random AUC (0.499) reveals that Naïve Bayes produces
unreliable probability estimates, confirming that its conditional independence assumption is
poorly suited to tweet-level text features.

Model V4 — Linear SVM A LinearSVC classifier (maxIter=20, regParam=0.1) was used
with HashingTF (numFeatures=25000) and IDF. Accuracy: 76.56%, F1-Score: 76.54%, AUC:
0.839. Performance is comparable to V1, confirming that linear classifiers perform similarly on
this task when given equivalent features.

Models on Twitter 3 Million Dataset

Three classification scenarios were explored on the 3 million tweet dataset, each addressing the
challenge of class imbalance differently.

Scenario 1 — Balanced multiclass classification Given the extreme imbalance in the dataset
(approximately 1.5M Negative, 1.5M Positive, and only ∼10,000 Neutral tweets), a downsam-
pling strategy was applied to balance all three classes. The Negative and Positive classes were
randomly sampled to match the Neutral class size, producing a balanced dataset of approxi-
mately 30,000 tweets total. Three models were trained on this balanced split:

• Balanced Model V1: Tokenizer → StopWordsRemover → HashingTF
(numFeatures=30000) → Logistic Regression (maxIter=20). Accuracy: 67.90%, F1-
Score: 68.23%, Precision: 68.68%. This is the best-performing model under the balanced
training strategy.

• Balanced Model V2: Tokenizer → StopWordsRemover → NGram (n=2) → HashingTF
(numFeatures=100000) → IDF → Logistic Regression
(maxIter=30, reg-Param=0.01). Accuracy: 50.22%, F1-Score: 50.65%, Precision: 51.91%.
The poor performance indicates that relying solely on bigrams with a small balanced
dataset leads to degenerate training, likely converging to a near-constant prediction.

• Balanced Model V3: Tokenizer → StopWordsRemover → Word2Vec (vectorSize=200,
minCount=2) → Random Forest (numTrees=100, maxDepth=10). Accuracy: 67.82%,
F1-Score: 67.71%, Precision: 67.83%. Comparable to V1, demonstrating that dense word
embeddings with tree-based classifiers reach a similar performance ceiling under the data
constraint imposed by downsampling.

The moderate accuracy figures (67–68%) are expected given the severe reduction in training
data after downsampling, and the inherent difficulty of distinguishing Neutral from Positive
and Negative tweets.
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Scenario 2 — Unbalanced multiclass classification with class weights To exploit the full
dataset without discarding data, class weights were computed as wc = N

k·nc
, where N is the

total number of samples, k = 3 is the number of classes, and nc is the count of class c. These
weights were passed to the Logistic Regression weightCol parameter. Two models were trained:

• Unbalanced Model V1: Tokenizer → StopWordsRemover → CountVectorizer (vocabSize
=30000) → IDF → Logistic Regression (maxIter=30) with class weights. Accuracy:
77.17%, F1-Score: 77.29%, Precision: 77.62%.

• Unbalanced Model V2 (enhanced): An extended pipeline combining both unigram and
bigram TF-IDF representations. Unigram features were extracted using CountVectorizer
(vocab-Size=40000, minDF=3) followed by IDF (minDocFreq=3). Bigram features were
extracted via NGram (n=2), CountVectorizer (vocabSize=20000, minDF=5), and IDF
(minDoc-Freq=5). Both feature sets were concatenated using VectorAssembler, and
Logistic Regression was trained with maxIter=50, regParam=0.01, and class weights.
Accuracy: 79.15%, F1-Score: 79.24%, Precision: 79.49%. This is the best-performing
model across all multiclass scenarios.

Scenario 3 — Binary classification (Positive vs. Negative) The Neutral class was entirely
removed from the 3 million dataset, reducing the problem to binary classification. The cleaned
binary dataset was saved in Parquet format under /cleaned/twitter_binary_cleaned. Four
models were trained:

• Binary Model V1: Tokenizer → StopWordsRemover → HashingTF (numFeatures=218)
→ IDF → Logistic Regression (maxIter=20). Accuracy: 78.39%, F1-Score: 78.39%,
AUC: 0.850. This is the best-performing binary model on this dataset.

• Binary Model V2: Same architecture with reduced features (numFeatures=217), L2 reg-
ularization (regParam=0.01, elasticNetParam=0), and maxIter=30. Accuracy: 78.06%,
F1-Score: 78.06%, AUC: 0.854. Although slightly lower in accuracy than V1, this model
achieves the highest AUC (0.854), indicating better probability calibration and ranking
ability.

• Binary Model V3 — Naïve Bayes: HashingTF (numFeatures=217), IDF, and Naïve Bayes
(smoothing=1.0). Accuracy: 75.75%, F1-Score: 75.74%, AUC: 0.522. As observed on
Sentiment140, Naïve Bayes produces near-random AUC values, confirming the unrelia-
bility of its posterior probability estimates regardless of the dataset.

• Binary Model V4: HashingTF (numFeatures=217), IDF, and Logistic Regression with
ElasticNet regularization (maxIter=50, regParam=0.01, elasticNetParam=0.1). Accu-
racy: 77.07%, F1-Score: 77.04%, AUC: 0.847.

All trained pipeline models were saved to HDFS under the /models/ directory for subse-
quent use in the real-time streaming phase. Table III.3 summarizes the performance of all
trained models across both datasets and all scenarios.
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Table III.3: Summary of trained models and their performance metrics

Dataset Scenario Model Algorithm Accuracy F1 AUC /
Preci-
sion

Se
nt
im

en
t1
40

(1
.6
M
)

Binary

Base. LR · HashingTF
(10K)

77.44% 77.44% 0.847

V1 LR · HashingTF
(20K) + IDF

76.51% 76.50% 0.839

V2 LR · Bigrams (30K) +
IDF

65.24% 65.20% 0.718

V3 Naïve Bayes · Hash-
ingTF (20K)

74.50% 74.50% 0.499

V4 LinearSVC · Hash-
ingTF (25K)

76.56% 76.54% 0.839

Tw
itt

er
3M

Balanced
(3-class)

B-V1 LR · HashingTF
(30K)

67.90% 68.23% Precision:
0.687

B-V2 LR · Bigrams (100K)
+ IDF

50.22% 50.65% Precision:
0.519

B-V3 Word2Vec + Random
Forest

67.82% 67.71% Precision:
0.678

Unbalanced
(3-class)

U-V1 LR · CV (30K) +
weights

77.17% 77.29% Precision:
0.776

U-V2 LR · Uni+Bigrams +
weights

79.15% 79.24% Precision:
0.795

Binary

Bin-V1 LR · HashingTF (218) 78.39% 78.39% 0.850
Bin-V2 LR + L2 · HashingTF

(217)
78.06% 78.06% 0.854

Bin-V3 Naïve Bayes · Hash-
ingTF (217)

75.75% 75.74% 0.522

Bin-V4 LR + ElasticNet ·
HashingTF (217)

77.07% 77.04% 0.847

Visualization

To gain a deeper understanding of the data prior to model training, an Exploratory Data
Analysis (EDA) phase was conducted using PySpark on both datasets. The analytical out-
puts were stored in HDFS and subsequently imported into Microsoft Power BI for interactive
visualization.

EDA on Sentiment140 Dataset

Eleven analytical outputs were generated from the cleaned Sentiment140 dataset and saved as
single-partition CSV files under /Power_BI/:
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• EDA-01: Label distribution — tweet counts and percentages per sentiment class.

• EDA-02: Word count bucket distribution — grouping tweets into ranges (1–5, 6–10, ...,
31+ words) per sentiment.

• EDA-03: Top 50 most frequent words per sentiment class, after removing a custom
stopword list.

• EDA-04: Daily tweet counts per sentiment class.

• EDA-05: Monthly tweet counts per sentiment class.

• EDA-06: Hourly tweet counts per sentiment class, revealing posting time patterns.

• EDA-07: Top 30 most frequent bigrams per sentiment class, extracted after stopword
filtering.

EDA on Twitter 3 Million Dataset

Eight analytical outputs were generated from the cleaned 3 million dataset and saved under
/Power_BI_3m/:

• File 01: Sentiment distribution with counts and percentages for all three classes.

• File 02: Tweet length statistics per class (character and word level, including standard
deviation).

• File 03: Tweet length histogram buckets (20-character intervals).

• Files 04–06: Top 50 most frequent words for Negative, Positive, and Neutral tweets
respectively. @users across the dataset.

• File 07: Summary KPI card — total tweets, unique tweets, average lengths, and per-class
counts and percentages.

The following pages present selected visualizations produced from the EDA phase for both
datasets.
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III.4.2 Stream Processing
Introduction

The stream processing phase extends the batch-trained sentiment analysis models to a real-time
inference scenario. Rather than analyzing static datasets, this phase simulates a live Twitter
data stream where tweets arrive continuously and are classified instantaneously. The pipeline
integrates Apache Kafka as a distributed message broker with Spark Structured Streaming as
the real-time processing engine, forming a complete end-to-end streaming architecture.

The core principle of this phase is the reuse of pre-trained models: all machine learning
pipelines were trained offline during the batch processing phase and saved to HDFS. They
are then loaded directly into the streaming application, enabling real-time predictions without
any retraining overhead. A critical constraint respected throughout all streaming experiments
is preprocessing consistency: the exact same text cleaning operations applied during training
must be reapplied to each incoming tweet before inference, to ensure that the feature space
seen by the model matches what it was trained on.

Streaming Architecture

The streaming pipeline follows a six-stage architecture as illustrated in Figure III.3b:

1. Dataset: A pre-existing CSV dataset (either Sentiment140 or the 3 million tweet dataset)
is read from the local file system to simulate a continuous tweet source.

2. Kafka Producer: A Python script reads tweets from the dataset row by row and publishes
them to a Kafka topic named tweets, with a time.sleep(0.001) delay between messages
to simulate a realistic ingestion rate.

3. Apache Kafka: The Kafka broker (version 4.2.0) receives the published messages and
makes them available to downstream consumers. The startingOffsets option is set to
latest so that only new incoming messages are processed.

4. Spark Structured Streaming: A PySpark streaming application subscribes to the Kafka
topic, casts the binary message value to a string, and applies the same text preprocessing
pipeline used during training.

5. ML Model: The pre-trained PipelineModel is loaded from HDFS and applied to each
incoming micro-batch of cleaned tweets, producing a sentiment prediction label for each
record.

6. HDFS Storage: The results — comprising the tweet text, the predicted sentiment label,
and a processing_time timestamp — are written continuously to HDFS in CSV format
using append output mode, with checkpoint locations maintained for fault tolerance.

Kafka Broker Startup and Topic Creation

Figures III.16 and III.17 document the complete Kafka KRaft initialization process. Fig-
ure III.16 shows the storage formatting with a randomly generated cluster UUID, the KRaft
metadata version negotiation (metadata.version 4.2-IV1), and the successful broker startup
sequence confirming that the BrokerServer transitioned from STARTING to STARTED state
and is awaiting socket connections on 0.0.0.0:9092. The log also confirms the creation of the
tweets-0 partition in /tmp/kraft-combined-logs.
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Figure III.16: Apache Kafka 4.2.0 KRaft mode initialization: UUID generation, storage for-
matting, and broker startup

Figure III.17 shows the creation and verification of the tweets Kafka topic with 1 partition
and replication factor 1, appropriate for single-node deployment. The kafka-topics.sh –list
command confirms the topic is active and ready to receive messages from the producer.
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Figure III.17: Kafka topic tweets creation and verification: 1 partition, replication factor 1,
bootstrap server localhost:9092

60



Chapter III Design and Implementation

CSV Dataset

Kafka Producer
(Python)

Apache Kafka
Topic: tweets

Spark Structured
Streaming

Pre-trained
ML Model

Sentiment
Prediction

HDFS Storage

row by row

sleep(0.001s)
UUID

startingOffsets:
latest

clean · tokenize
TF-IDF

label: 0/1/2

CSV · append mode
checkpoint

• localhost:9092
• UTF-8 serializer
• ∼1000 msg/s

• Micro-batch
• Preprocessing
• Checkpoint

Figure III.18: Kafka–Spark Structured Streaming pipeline for real-time sentiment analysis.

Kafka Producer

The Kafka producer component is a lightweight Python script responsible for simulating a live
tweet stream by feeding data from a CSV file into the Kafka topic. The producer is configured
with a value_serializer that encodes each tweet as a UTF-8 string before transmission. A fixed
inter-message delay of 1 millisecond (time.sleep(0.001)) was applied to control the message rate
and avoid overwhelming the Kafka broker.
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Six Kafka producer scripts were used across the streaming experiments, each simulating a
live tweet stream by continuously reading records from a CSV dataset and publishing them to
the Kafka topic tweets. All producers share the same core configuration: a bootstrap server
at localhost:9092, a UTF-8 value serializer, and a fixed inter-message delay of 1 millisecond to
simulate a realistic ingestion rate.

• Producer 1 — Sentiment140 → 1.6M model: Streams tweets from the Sentiment140
dataset to the model trained on the same dataset. This experiment evaluates in-distribution
streaming performance, where the data source matches the model’s training distribution.

• Producer 2 — Twitter 3M (full) → 1.6M model: Streams tweets from the full Twitter
3M dataset to the model trained on Sentiment140. This experiment assesses the cross-
dataset generalization capability of the 1.6M-trained model when exposed to a different
data distribution.

• Producer 3 — Twitter 3M (full) → 3M balanced model: Streams tweets from the full
Twitter 3M dataset to the multiclass model trained on the balanced version of the same
dataset. This evaluates real-time inference for the three-class classification scenario under
balanced training conditions.

• Producer 4 — Twitter 3M (full) → 3M unbalanced model: Streams tweets from the full
Twitter 3M dataset to the multiclass model trained with class weights on the unbalanced
version of the same dataset. This evaluates real-time inference under the unbalanced
training strategy, which retained the full data distribution during training.

• Producer 5 — Sentiment140 → 3M binary model: Streams tweets from the Sentiment140
dataset to the binary model trained exclusively on the Positive and Negative classes of
the Twitter 3M dataset. Since both datasets are binary in nature, this experiment tests
how well the 3M binary model generalizes to a temporally and stylistically different tweet
corpus.

• Producer 6 — Twitter 3M (binary) → 3M binary model: Streams only the Positive and
Negative tweets from the Twitter 3M dataset to the binary model trained on the same
data. This experiment validates in-distribution streaming performance for the binary
classification scenario.

Kafka Producer Execution

Figure III.19 shows the execution of the Kafka producer script (producer_tweets.py), confirm-
ing that real tweet data from the Sentiment140 dataset is being read and published to the
Kafka tweets topic. The raw tweet content — including mentions, URLs, and informal lan-
guage — is visible before preprocessing, confirming that the producer feeds unprocessed data
to Kafka and that all cleaning operations are applied downstream by the Spark Structured
Streaming consumer.
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Figure III.19: Kafka producer output: raw Sentiment140 tweets being streamed to the tweets
topic, showing unprocessed content including mentions, URLs, and hashtags

Spark Structured Streaming Consumer

The Spark Structured Streaming consumer subscribes to the tweets Kafka topic and processes
incoming messages in micro-batches. Each incoming message is cast from binary Kafka format
to a UTF-8 string via selectExpr(”CAST(value AS STRING) as tweet”). The preprocessing
and inference steps are then applied in a fully declarative Spark DataFrame API style, ensuring
compatibility with the streaming execution engine.

The preprocessing applied within the streaming context mirrors exactly the steps performed
during batch training:

• Conversion to lowercase.

• Removal of URLs (http, www).

• Removal of @mentions.

• Normalization of hashtags (symbol removed, word preserved).

• Removal of all non-alphabetic characters.

• Trimming of leading and trailing whitespace.

• Filtering of empty tweets after cleaning.

A processing_time column is added using current_timestamp() to record the exact moment
each micro-batch was processed. The output stream is written to HDFS using writeStream
in append output mode with CSV format, with a dedicated checkpoint directory to enable
recovery in case of failure. The maxRecordsPerFile option was set to 50,000 where applicable
to avoid generating excessively large output files.
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Spark Streaming Job Submission and Initialization

Figures III.20 and III.21 document the actual submission and initialization of the Spark Struc-
tured Streaming job consuming from Kafka. Figure III.20 shows the spark-submit command
with the spark-sql-kafka connector package, and the Ivy dependency resolution confirming
that all 11 required artifacts — including kafka-clients-3.4.1, lz4-java, and snappy-java — were
successfully resolved from Maven Central.

Figure III.20: spark-submit with Kafka connector: dependency resolution of 11 artifacts in-
cluding spark-sql-kafka-0-10_2.12:3.5.0

Figure III.21 confirms the successful initialization of SparkContext version 3.5.8 on Linux/amd64
with Java 11.0.29, and the registration of the BlockManager with 434.4 MiB RAM — confirm-
ing that the streaming application is running and connected to the Kafka topic.
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Figure III.21: SparkContext 3.5.8 initialization for streaming: Java 11.0.29, BlockManager
registered with 434.4 MiB RAM

Streaming Experiments

A total of five streaming experiments were conducted, each combining a specific pre-trained
model with a specific input dataset. The experiments are designed to evaluate the general-
ization capability of the trained models when applied to data streams that differ from their
original training distribution.

Experiment 1 — 1.6M Model on Sentiment140 Stream

Model: The best-performing model trained on the Sentiment140 dataset (Baseline Logistic Re-
gression, numFeatures=10000, Accuracy 77.44%, AUC 0.847), loaded from /models/twitter_
lr_model.
Data stream: Sentiment140 dataset (1.6 million tweets), streamed via Producer 1.
Preprocessing: Tokenization and HashingTF (numFeatures=10000) applied inline within the
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streaming pipeline, consistent with the baseline training pipeline.
Output path: /Model_1.6_million_and_dataset_1.6_million/results
Objective: Validate in-distribution streaming performance — the model processes data drawn
from the same distribution as its training set.

Experiment 2 — 1.6M Model on 3M Binary Stream

Model: Same 1.6M-trained Baseline Logistic Regression model (/models/twitter_lr_model).
Data stream: Twitter 3M binary dataset (Positive and Negative tweets only), streamed via
Producer 2.
Preprocessing: Same inline tokenization and HashingTF (numFeatures=10000).
Output path: /Model_1.6_million_and_dataset_3_million_binary/results
Objective: Evaluate cross-dataset generalization — the 1.6M model is tested on a stylistically
different dataset to assess its robustness to domain shift.

Experiment 3 — 3M Balanced Model on 3M tweets Stream

Model: Best balanced multiclass model trained on the 3M dataset (Balanced V1, Logistic
Regression, Accuracy 67.90%, F1-Score 68.23%), loaded as a full PipelineModel from /mod-
els/model_twitter3m_v1_balanced.
Data stream: Full Twitter 3M dataset, streamed via Producer 3.
Preprocessing: URL removal and non-alphabetic character stripping via regexp_replace, ap-
plied to the clean_text column, consistent with the balanced model’s training preprocessing.
Output path: /Model_3_million_balanced_and_dataset_3_million_full/results
Objective: Test the balanced multiclass model in a streaming context on the full three-class
dataset, including Neutral tweets.

Experiment 4 — 3M Unbalanced Model on 3M tweets Stream

Model: Best unbalanced multiclass model trained on the 3M dataset with class weights and
combined unigram-bigram features (Unbalanced V2, Accuracy 79.15%, F1-Score 79.24%),
loaded from /models/twitter3m_model_v2.
Data stream: Full Twitter 3M dataset, streamed via Producer 4.
Preprocessing: Complete text normalization pipeline (lowercase, URL/mention/hashtag re-
moval, non-alphabetic filtering, trim) applied to the tweet column, identical to the training
preprocessing of Unbalanced V2.
Output path: /Model_3_million_unbalanced_and_dataset_3_million_full/results
Objective: Evaluate the strongest multiclass model in a real-time setting on the same data
distribution it was trained on.

Experiment 5 — 3M Binary Model on Multiple Streams

The best binary model trained on the Twitter 3M dataset (Binary V1, Logistic Regression,
num-Features =218, Accuracy 78.39%, AUC 0.850), saved at /models/twitter_binary_model,
was deployed in two sub-experiments:

• Experiment 5a — 3M binary stream: The model was applied to the Twitter 3M binary
dataset (Positive and Negative tweets only), streamed via Producer 6. The preprocess-
ing pipeline (lowercase, URL/mention/hashtag removal, non-alphabetic filtering, trim,
empty tweet filtering) was applied consistently with the model’s training conditions.
Output saved to /Model_3_million_binary_and_dataset_3_million_binary/results.

66



Chapter III Design and Implementation

• Experiment 5b — Sentiment140 stream: The same 3M binary model was applied to
the Sentiment140 stream, streamed via Producer 5. Since Sentiment140 is also a binary
dataset (Positive/Negative only), this experiment tests the cross-dataset generalization of
the 3M binary model on tweets from a different time period and stylistic origin. The same
full preprocessing pipeline was applied. Output saved to /Model_3_million_binary_and_dataset_
1.6_million/results.

For both sub-experiments, the same full preprocessing pipeline was applied: lowercase con-
version, URL/mention/hashtag removal, non-alphabetic filtering, trimming, and empty tweet
filtering.

Summary of Streaming Experiments

Table III.4 summarizes all streaming experiments conducted, detailing the model used, the
input data stream, and the HDFS output path.

Table III.4: Summary of streaming experiments

Exp. Model Input stream Output path (HDFS)
1 1.6M model (LR) Sentiment140 (1.6M) /Model_1.6M_and_1.6M/
2 1.6M model (LR) 3M binary dataset /Model_1.6M_and_3M_binary/
3 3M balanced (LR) 3M full dataset /Model_3M_balanced_3M_full/
4 3M unbalanced (LR) 3M full dataset /Model_3M_unbalanced_3M_full/
5a 3M binary (LR) 3M binary dataset /Model_3M_binary_3M_binary/
5b 3M binary (LR) Sentiment140 (1.6M) /Model_3M_binary_1.6M/

All streaming results were written to HDFS in CSV format with append output mode
and dedicated checkpoint directories to ensure fault tolerance and exactly-once processing
semantics. Each output record contains the processed tweet text, the predicted sentiment label
(0 = Negative, 1 = Positive, or 2 = Neutral for multiclass models), and the processing_time
timestamp indicating when the prediction was made.

III.5 Performance Evaluation
III.5.1 Evaluation Metrics
The following metrics were used to assess model performance:

Accuracy measures the proportion of correctly classified instances over the total number of
instances:

Accuracy =
TP + TN

TP + TN + FP + FN
(III.1)

F1-Score is the harmonic mean of Precision and Recall, providing a balanced measure
particularly useful under class imbalance. For multiclass problems, the macro-averaged F1-
Score is used:

F1 = 2× Precision× Recall
Precision+ Recall (III.2)
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Precision measures the proportion of positive predictions that are actually correct:

Precision =
TP

TP + FP
(III.3)

AUC (Area Under the ROC Curve) measures the ability of a binary classifier to distin-
guish between classes across all classification thresholds, independently of any specific decision
boundary. A value of 1.0 indicates a perfect classifier, while 0.5 corresponds to random pre-
diction.

III.5.2 Evaluation on Sentiment140 Dataset
Five models were evaluated on the Sentiment140 binary classification task (Positive vs. Neg-
ative). The dataset was split into 80% training and 20% test sets (approximately 1,280,000
and 320,000 samples respectively) with a fixed random seed of 42. Table III.5 reports the
performance of all five models.

Table III.5: Model performance on Sentiment140 dataset (binary classification)

Model Pipeline Accuracy F1-
Score

AUC

Baseline LR · HashingTF
(10K)

77.44% 77.44% 0.847

V1 LR · HashingTF
(20K) + IDF

76.51% 76.50% 0.839

V2 LR · Bigrams (30K)
+ IDF

65.24% 65.20% 0.718

V3 Naïve Bayes · Hash-
ingTF (20K) + IDF

74.50% 74.50% 0.499

V4 LinearSVC · Hash-
ingTF (25K) + IDF

76.56% 76.54% 0.839

The confusion matrix of the best-performing Baseline model on the Sentiment140 test set
is shown in Table III.6, illustrating the distribution of correct and incorrect predictions across
both sentiment classes.

Table III.6: Confusion matrix — Baseline model on Sentiment140 test set

Predicted Negative Predicted Positive
Actual Negative 121,434 38,799
Actual Positive 33,339 126,219

The Baseline model — a minimal pipeline of Tokenizer, HashingTF, and Logistic Regres-
sion without stop-word removal — achieved the highest performance on this dataset (Accuracy
77.44%, AUC 0.847). This counterintuitive result suggests that on the Sentiment140 corpus,
stop-words carry discriminative sentiment signals (e.g., negations, intensifiers) that are lost
when removed. Model V1, which adds stop-word removal and IDF weighting, drops slightly
to 76.51%, confirming this observation. Model V2 suffers the sharpest degradation (65.24%),
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as relying solely on bigram features without unigrams dramatically increases feature sparsity
on a dataset of this size. Model V3 (Naïve Bayes) achieves reasonable accuracy (74.50%)
but produces a near-random AUC (0.499), revealing that its posterior probability estimates
are unreliable despite producing correct hard labels in many cases. Models V1 and V4 (Lin-
earSVC) achieve comparable results (76.51% vs. 76.56%), confirming that linear classifiers
perform equivalently on this task when given similar feature representations.

III.5.3 Evaluation on Twitter 3M Dataset
Scenario 1 — Balanced Multiclass Classification

Three models were evaluated on a balanced subset of the Twitter 3M dataset, where Negative
and Positive classes were downsampled to match the Neutral class size (∼10,000 tweets per
class, ∼30,000 total). Results are presented in Table III.7.

Table III.7: Model performance — balanced multiclass classification (Twitter 3M)

Model Pipeline Accuracy F1-
Score

Precision

B-V1 LR · HashingTF (30K) 67.90% 68.23% 68.68%
B-V2 LR · Bigrams (100K) +

IDF
50.22% 50.65% 51.91%

B-V3 Word2Vec (200d) +
Random Forest

67.82% 67.71% 67.83%

The moderate accuracy range of 67–68% achieved by the two best models (B-V1 and B-
V3) reflects the combined effect of two compounding difficulties: the inherent ambiguity of
three-class sentiment discrimination, and the severe data starvation induced by downsampling.
Reducing the training set to approximately 24,000 samples — a 99% reduction from the original
3 million — fundamentally limits the statistical reliability of TF-IDF term weights, as rare
but informative n-grams receive unstable IDF scores when document frequency counts are
based on such a small corpus. This phenomenon explains why B-V1 (Logistic Regression
with HashingTF) marginally outperforms B-V3 (Word2Vec + Random Forest): in a low-data
regime, the compact and statistically stable unigram vocabulary of TF-IDF is more data-
efficient than the dense 200-dimensional Word2Vec embeddings, which require sufficient co-
occurrence statistics to produce meaningful representations. B-V2 collapsed to near-random
performance (50.22%), as the exponential growth of the bigram feature space combined with
the small training set produced a severely sparse and statistically unreliable feature matrix,
causing the optimizer to converge to a near-constant prediction. This result directly illustrates
the data starvation effect: the larger the feature space, the more training samples are required
to estimate reliable weights — a constraint that downsampling systematically violates.

Scenario 2 — Unbalanced Multiclass Classification with Class Weights

Two models were trained on the full Twitter 3M dataset using class weights computed as
wc = N

k·nc
, where N is the total sample count, k = 3 is the number of classes, and nc is the

count for class c. Results are presented in Table III.8.

69



Chapter III Design and Implementation

Table III.8: Model performance — unbalanced multiclass classification with class weights
(Twitter 3M)

Model Pipeline Accuracy F1-
Score

Precision

U-V1 LR · CV (30K) + IDF +
weights

77.17% 77.29% 77.62%

U-V2 LR · Unigrams + Bigrams
+ weights

79.15% 79.24% 79.49%

The class-weighted training strategy on the full dataset significantly outperforms the bal-
anced downsampling approach, with U-V2 achieving 79.15% accuracy and 79.24% F1-Score
— an improvement of over 11 percentage points compared to the best balanced model (B-V1:
67.90%). This gap is not attributable to architectural differences, since both models use Lo-
gistic Regression with TF-IDF features. The improvement stems exclusively from the training
strategy: rather than discarding majority-class samples, the class-weighted approach preserves
the full 3 million samples while compensating for imbalance through the loss function. The
weight assigned to the Neutral class (wc =

N
k·nc

, where N is the total sample count, k = 3, and
nc is the class count) amplifies its gradient contribution during optimization proportionally
to its underrepresentation, allowing the model to learn meaningful Neutral-class boundaries
despite the 150:1 class ratio. This confirms that preserving training data volume through
loss reweighting is systematically more effective than reducing it through downsampling in
large-scale imbalanced classification. U-V2 further improves over U-V1 by approximately 2
percentage points through the addition of bigram features via VectorAssembler, confirming
that short-range syntactic co-occurrences provide complementary discriminative signal when
sufficient training data ensures stable bigram frequency estimates. U-V2 is the best-performing
model across all multiclass scenarios.

Scenario 3 — Binary Classification (Positive vs. Negative)

Four models were evaluated on the Twitter 3M binary dataset after removing Neutral tweets.
Both Accuracy and AUC are reported, as AUC provides a threshold-independent measure of
discriminative power for binary tasks. Results are presented in Table III.9.

Table III.9: Model performance — binary classification on Twitter 3M dataset (Positive vs.
Negative)

Model Pipeline Accuracy F1-
Score

AUC

Bin-V1 LR · HashingTF (218) +
IDF

78.39% 78.39% 0.850

Bin-V2 LR + L2 · HashingTF
(217) + IDF

78.06% 78.06% 0.854

Bin-V3 Naïve Bayes · Hash-
ingTF (217) + IDF

75.75% 75.74% 0.522

Bin-V4 LR + ElasticNet · Hash-
ingTF (217) + IDF

77.07% 77.04% 0.847

70



Chapter III Design and Implementation

Bin-V1 achieves the highest accuracy (78.39%) while Bin-V2 achieves the highest AUC
(0.854), indicating that L2 regularization improves probability calibration and ranking abil-
ity even when it marginally reduces raw accuracy. Bin-V4 with ElasticNet regularization
(regParam=0.01, elasticNetParam=0.1) performs comparably (77.07%, AUC 0.847), with the
combined L1-L2 penalty yielding slightly lower performance than pure L2. As consistently
observed across all tasks, Bin-V3 (Naïve Bayes) produces a near-random AUC (0.522) de-
spite reasonable accuracy (75.75%), confirming that its posterior probabilities are unreliable
for ranking purposes regardless of the dataset or task setting.

III.5.4 Comparative Analysis
Table III.10 consolidates the performance of all trained models across both datasets and all
scenarios, enabling a global comparison.

Table III.10: Consolidated performance comparison of all trained models

Dataset Scenario Model Pipeline Accuracy F1 AUC /
Prec.

Se
nt
im

en
t1
40

(1
.6
M
)

Binary

Base. LR · HashingTF
(10K)

77.44% 77.44% 0.847

V1 LR · HashingTF
(20K)

76.51% 76.50% 0.839

V2 LR · Bigrams (30K) 65.24% 65.20% 0.718
V3 Naïve Bayes (20K) 74.50% 74.50% 0.499
V4 LinearSVC (25K) 76.56% 76.54% 0.839

Tw
itt

er
3M

Balanced
(3-class)

B-V1 LR · HashingTF
(30K)

67.90% 68.23% Prec:
68.68%

B-V2 LR · Bigrams (100K) 50.22% 50.65% Prec:
51.91%

B-V3 Word2Vec + RF 67.82% 67.71% Prec:
67.83%

Unbalanced
(3-class)

U-V1 LR · CV (30K) +
weights

77.17% 77.29% Prec:
77.62%

U-V2 LR · Uni+Bi +
weights

79.15% 79.24% Prec:
79.49%

Binary

Bin-V1 LR · HashingTF
(218)

78.39% 78.39% 0.850

Bin-V2 LR + L2 · HTF (217) 78.06% 78.06% 0.854
Bin-V3 Naïve Bayes (217) 75.75% 75.74% 0.522
Bin-V4 LR + ElasticNet

(217)
77.07% 77.04% 0.847

Four key observations emerge from the consolidated results:
Training strategy dominates over feature engineering. The transition from balanced down-

sampling (∼68% accuracy) to class-weighted training on the full dataset (∼79% accuracy)
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yields an improvement of over 11 percentage points on the Twitter 3M multiclass task —
far exceeding any gain attributable to architectural choices. Since both B-V1 and U-V1 use
identical Logistic Regression pipelines with TF-IDF features, the performance gap is entirely
explained by the training strategy: class weighting preserves the full data volume while cor-
recting the distributional skew through the loss function, whereas downsampling eliminates
99% of available training signal to achieve artificial balance.

Stop-word removal is detrimental for sentiment-bearing short text. The Baseline model,
which omits stop-word removal, outperforms all other models on Sentiment140 (77.44% vs.
76.51% for V1). This result is explained by the linguistic structure of sentiment in tweets:
function words such as not, never, very, and so are critical carriers of polarity. The phrase
“I do not like this” becomes “like” after standard stop-word removal, inverting its sentiment
signal entirely. In tweet-level text averaging 11–15 words, such function words represent a
disproportionately large fraction of the total lexical signal compared to longer documents where
they are genuinely redundant. This finding aligns with observations in the literature [26]
cautioning against applying standard stop-word lists to short social media text without domain-
specific adaptation.

Bigrams complement but cannot replace unigrams. On Sentiment140, bigram-only features
(V2) degraded accuracy by 12 percentage points relative to the Baseline, while on the Twitter
3M unbalanced task, combining unigrams and bigrams (U-V2) improved accuracy by 2 per-
centage points over unigrams alone (U-V1). This asymmetry is explained by feature sparsity:
with a vocabulary of V unigrams, the theoretical bigram space grows as O(V 2), and each
bigram occurs far less frequently than its constituent unigrams. On datasets below several
hundred thousand samples, most bigrams appear fewer than 5 times, making their TF-IDF
weights statistically unreliable. On 3 million samples, sufficient bigram frequency counts ex-
ist to produce stable weights, and bigrams then contribute complementary syntactic context.
Bigram features are therefore beneficial as a supplement to unigrams when training data is
abundant, but harmful as a replacement when data is scarce.

Naïve Bayes produces unreliable probability estimates despite acceptable accuracy. Across
all binary tasks, Naïve Bayes achieved near-random AUC values (0.499 on Sentiment140, 0.522
on Twitter 3M binary) despite moderate accuracy (74.50% and 75.75% respectively). This dis-
sociation between accuracy and AUC is a known failure mode of Naïve Bayes on text data [31]:
the conditional independence assumption is systematically violated in natural language, where
word co-occurrences are highly correlated. This violation causes posterior probability estimates
P (y | x) to be pushed toward extreme values (near 0 or 1) regardless of the true uncertainty,
producing correct hard labels through frequency-dominated boundaries while generating mis-
calibrated confidence scores unsuitable for ranking or threshold-sensitive applications.

HashingTF is the principled choice for distributed Big Data sentiment analysis. The selec-
tion of HashingTF over Word2Vec or contextual embeddings reflects a deliberate architectural
decision aligned with the scalability requirements of this work. HashingTF maps tokens to
a fixed-size feature vector in O(1) per token with no vocabulary construction pass, produc-
ing sparse vectors natively supported by Spark MLlib’s distributed linear algebra. Word2Vec
requires a full corpus scan and stores dense vectors consuming significantly more memory,
while providing no measurable accuracy gain in the low-data balanced regime (B-V3: 67.82%
vs. B-V1: 67.90%). Contextual embeddings such as BERT [32] introduce quadratic attention
complexity O(n2) and require GPU infrastructure incompatible with the distributed CPU-
based Spark environment. The experimental results confirm that HashingTF-based Logistic
Regression achieves competitive accuracy at 3-million-tweet scale while maintaining the hori-
zontal scalability that defines the Big Data paradigm.
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III.5.5 Summary
The performance evaluation demonstrates that the distributed Spark MLlib pipeline success-
fully handles datasets of up to 3 million tweets while maintaining competitive classification
performance. The best binary model on Sentiment140 is the Baseline Logistic Regression (Ac-
curacy 77.44%, AUC 0.847). The best binary model on Twitter 3M is Binary V1 (Accuracy
78.39%, AUC 0.850). The best multiclass model overall is the Unbalanced V2 pipeline combin-
ing unigram and bigram TF-IDF features with class-weighted Logistic Regression (Accuracy
79.15%, F1-Score 79.24%, Precision 79.49%). These results confirm that linear classifiers com-
bined with TF-IDF-based sparse representations remain strong and computationally efficient
baselines for large-scale social media sentiment analysis, particularly when class imbalance is
addressed through weighting rather than data reduction.

III.5.6 Comparison with State-of-the-Art Models
While the models implemented in this work are designed for scalable distributed processing
of large-scale Twitter data, it is important to contextualize their performance against state-
of-the-art approaches reported in the literature, particularly those based on the Transformer
architecture [33].

The Transformer Architecture in NLP

The Transformer architecture, introduced by Vaswani et al. (2017), revolutionized natural
language processing through its self-attention mechanism, which enables models to capture
long-range contextual dependencies without relying on recurrent structures. Built upon this
foundation, encoder-based models such as BERT [32] and its variants have consistently achieved
state-of-the-art results across a wide range of NLP benchmarks, including sentiment analysis
on social media data. BERTweet [34], a BERT-based model pre-trained specifically on English
tweets, further demonstrated the effectiveness of domain-specific pre-training for Twitter an-
alytics. More recently, hybrid approaches combining Transformer-based representations with
classical classifiers such as XGBoost have been explored, with [35] reporting an overall accuracy
of 90% on social media sentiment classification, underscoring the growing performance ceiling
of Transformer-based pipelines.

Comparative Results

Table III.11 presents a direct comparison between the best-performing models from this work
and representative Transformer-based results reported in the literature on binary sentiment
classification tasks using datasets of comparable nature.
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Table III.11: Comparison with state-of-the-art Transformer-based models on binary sentiment
classification

Model Type Accuracy F1-Score Infrastructure
Our Baseline LR
(1.6M)

TF-IDF +
LR

77.44% 77.44% Distributed Spark,
no GPU

Our Best Binary
(3M)

TF-IDF +
LR

78.39% 78.39% Distributed Spark,
no GPU

BERT-base (1.6M)
[36]

Transformer 83.7% 83.4% Single node, GPU
required

DistilBERT (1.6M)
[36]

Transformer 85.0% 84.4% Single node, GPU
required

BERT + XGBoost
(1.6M) [35]

Transformer
+ Ensemble

90.0% 90.0% Single node, GPU
required

Analysis

The results in Table III.11 reveal a performance gap of approximately 6–7 percentage points
between our best TF-IDF Logistic Regression pipeline and DistilBERT, and approximately 11–
12 percentage points relative to the BERT + XGBoost hybrid approach. This gap is expected
and can be attributed to three fundamental differences.

First, contextual representation: Transformer models learn deep bidirectional contextual
embeddings through pre-training on large corpora, enabling them to capture semantic nuances,
negations, and sarcasm that TF-IDF sparse representations inherently cannot encode. TF-IDF
treats each token independently, losing word order and contextual meaning.

Second, computational requirements: BERT-based models require GPU-accelerated fine-
tuning and operate on fixed-length sequences (typically 512 tokens). They are not designed
for distributed horizontal scaling. In contrast, our Spark MLlib pipelines processed datasets of
up to 3 million tweets in a fully distributed environment on a single-node cluster without any
GPU resources, maintaining competitive accuracy while ensuring scalability that Transformer
models cannot natively provide.

Third, scalability vs. accuracy trade-off: The core contribution of this work lies not in
maximizing accuracy on a fixed test set, but in demonstrating that meaningful sentiment
analysis can be performed at Big Data scale using distributed computing frameworks. As
noted by Goonetilleke et al. [24], scalability and real-time processing capability are primary
requirements in large-scale Twitter analytics, where processing latency and infrastructure cost
are as critical as predictive performance.

Bridging this performance gap while preserving scalability represents a concrete direction
for future work, particularly through frameworks such as Spark NLP [37], which provides
distributed Transformer inference natively compatible with Apache Spark, enabling BERT-
level accuracy at Big Data scale.

III.6 Conclusion
This chapter presented the design and implementation of a scalable sentiment analysis system
integrating Apache Hadoop HDFS, Apache Spark, Apache Kafka, and Spark MLlib into a
unified pipeline supporting both batch and real-time stream processing of Twitter data.
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Two large-scale datasets were used: the Sentiment140 corpus (1.6M tweets) and the Twitter
3M dataset, both preprocessed through rigorous PySpark pipelines and analyzed via Power BI
dashboards. A total of nineteen machine learning models were trained across binary and
multiclass classification scenarios using TF-IDF-based representations combined with Logistic
Regression, Naïve Bayes, LinearSVC, and Word2Vec with Random Forest.

Key findings include: stop-word removal is detrimental for short tweet-level text; class-
weighted training on the full dataset outperforms balanced downsampling by over 11 percentage
points; combining unigrams and bigrams yields the best multiclass performance (Accuracy
79.15%, F1 79.24%); and Naïve Bayes consistently produces unreliable probability estimates
despite moderate accuracy. The stream processing phase successfully operationalized all batch-
trained models in real-time via Kafka and Spark Structured Streaming.

Overall, the results confirm that distributed TF-IDF pipelines with linear classifiers offer a
strong, scalable baseline for large-scale social media sentiment analysis.
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GENERAL CONCLUSION

The present thesis set out to investigate the role of Big Data analytics in understanding and
analyzing social media data, with Twitter serving as the central case study. Driven by the rapid
expansion of digital communication platforms and the unprecedented volume of user-generated
content they produce, this work explored how modern distributed computing frameworks and
advanced machine learning techniques can be combined to extract meaningful insights from
massive, heterogeneous textual datasets.
The study was organized along three main axes. The first axis established the theoretical
foundations of Big Data by reviewing existing definitions, classifying the core and complemen-
tary characteristics of Big Data systems, and surveying the principal tools and frameworks
that constitute the Big Data analytics ecosystem. This conceptual groundwork demonstrated
that Big Data is not merely a question of volume: it encompasses velocity, variety, veracity,
and value, all of which impose distinct challenges that cannot be addressed by conventional
database systems.
The second axis examined Twitter as both a microblogging platform and a large-scale data
source. The analysis covered the structural properties of tweets, the role of Twitter APIs
in enabling systematic data acquisition, and the spectrum of analytical approaches that have
been applied to Twitter data in the literature. Two broad categories of methods were identified:
content-oriented approaches, including topic modeling, sentiment analysis, and similarity-based
trend detection, and network-oriented approaches, which model information diffusion and com-
munity structure through graph-theoretic representations of user interactions. The chapter
established that the richness of Twitter data lies precisely in its dual nature: the textual con-
tent of tweets and the relational structure of the interactions they generate are complementary
dimensions that, when analyzed jointly, yield a deeper and more nuanced understanding of
digital behavior.
The third axis constituted the practical and experimental core of the thesis. A scalable end-to-
end sentiment analysis system was designed and implemented using Apache Hadoop HDFS for
distributed storage, Apache Spark and PySpark for batch and streaming computation, Apache
Kafka for real-time data ingestion, and Spark MLlib for machine learning. Two large-scale
datasets were used: the Sentiment140 corpus containing 1.6 million binary-labeled tweets,
and a Twitter dataset comprising 3 million tweets annotated across three sentiment classes.
Across both datasets, a total of fourteen machine learning pipelines were trained and evaluated,
covering binary and multiclass classification scenarios using Logistic Regression, Naïve Bayes,
Linear SVM, Word2Vec with Random Forest, and various TF-IDF feature configurations.
The experimental results yielded several important findings. On the Sentiment140 dataset, the
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best-performing model was a minimal Logistic Regression pipeline without stop-word removal,
achieving an accuracy of 77.44% and an AUC of 0.847. This result reveals a dataset-specific
characteristic: in short tweet-level text, common words such as negations and intensifiers carry
discriminative sentiment signals that are lost when standard stop-word removal is applied
indiscriminately. On the Twitter 3M dataset, the class-weighted unbalanced training strat-
egy consistently and substantially outperformed balanced downsampling, with the best model
combining unigram and bigram TF-IDF features under a class-weighted Logistic Regression
achieving an accuracy of 79.15% and an F1-Score of 79.24%. This result confirmed that pre-
serving the full training data volume while compensating for class imbalance through weighting
is more effective than discarding majority-class samples. Naïve Bayes consistently produced
near-random AUC values across all tasks despite achieving moderate accuracy scores, revealing
that its posterior probability estimates are poorly calibrated for tweet-level text regardless of
dataset or classification setting.
The real-time component of the system, implemented through a Kafka producer and Spark
Structured Streaming consumer pipeline, successfully demonstrated the operationalization of
batch-trained models in a live inference scenario. Six streaming experiments were conducted,
combining different pre-trained models with different input data streams to evaluate both
in-distribution and cross-dataset generalization performance. The architecture ensured pre-
processing consistency between training and inference phases, a critical requirement for main-
taining the integrity of the feature space seen by the deployed models.
Taken together, the results of this study confirm the central hypothesis that motivated the
research: Big Data analytics techniques are capable of extracting valuable and actionable
knowledge from large-scale social media data. The integration of content-based analysis with
distributed computing infrastructure enables the identification of sentiment trends, behavioral
patterns, and interaction dynamics at a scale and speed that would be entirely infeasible using
conventional analytical methods. At the same time, the study highlighted important challenges
that remain relevant for practitioners and researchers in this field: class imbalance in real-world
datasets requires careful handling rather than naive downsampling; feature engineering choices
must be adapted to both the nature of the text and the volume of available data; and the quality
of preprocessing pipelines has a direct and measurable impact on classification performance.
Several limitations of the present work should be acknowledged. The unavailability of live
Twitter API access required the use of pre-collected Kaggle datasets, which restricts the tem-
poral scope and topical diversity of the data. The sentiment labels in both datasets were
assigned automatically through distant supervision, introducing label noise that may partially
account for the performance ceiling observed across all models. Furthermore, the present study
focused exclusively on textual content and did not incorporate multimedia data or user profile
metadata, which could substantially enrich the analytical framework.
These limitations point toward several promising directions for future research. First, the in-
tegration of transformer-based language models such as BERT or its Twitter-specific variant
BERTweet could significantly improve classification performance, particularly for nuanced sen-
timent categories and informal language structures. Second, extending the current framework
to incorporate network-based analysis — modeling retweet graphs, follower communities, and
information diffusion cascades — would enable a more holistic understanding of how opinions
form and spread across the platform. Third, the application of the proposed methodology to
other social media platforms such as Facebook, Reddit, or LinkedIn would allow researchers to
assess the generalizability of the analytical framework beyond Twitter . Finally, addressing data
quality challenges through improved annotation strategies, active learning, or crowdsourced
labeling could yield higher-quality training corpora and ultimately more reliable analytical
results.

77



In conclusion, this thesis demonstrates that Big Data analytics represents a powerful and
effective framework for studying social media platforms at scale. By combining distributed
storage, stream processing, and machine learning within a unified and reproducible pipeline, it
is possible to move from raw, noisy social media data to structured, interpretable knowledge
about user sentiment, behavioral trends, and interaction patterns. The findings of this work
contribute to the broader field of computational social science and provide a concrete method-
ological foundation for researchers and practitioners seeking to leverage Big Data technologies
for the analysis of digital communication in an increasingly connected world.
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