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Abstract

The exponential growth of social media has established platforms accessed
through public APIs as key venues for public discourse and sentiment expression. This
research presents a comprehensive Al-based system for real-time sentiment analysis of
social-media streams using advanced transformer-based language models. To address
challenges related to noisy, short, and multilingual the system integrates a robust
preprocessing pipeline capable of handling linguistic variability, and informal writing
patterns. The primary objective is to develop an end-to-end sentiment-classification
platform that not only performs real-time inference but also enables users to experiment
with, evaluate, and fine-tune multiple sentiment-analysis models through an intuitive
graphical interface. Rather than focusing on isolated datasets, the methodology
leverages diverse large-scale social-media sources and multilingual input streams to
ensure realistic, generalisable performance. The system architecture incorporates
multiple model categories: traditional deep-learning models such as LSTM and CNN
for lightweight inference, and transformer-based models including RoBERTa and
XLM-RoBERTa for enhanced multilingual classification. A unified model
management layer enables seamless switching between locally trained models and
pretrained transformer models across the application. The resulting platform supports
real-time sentiment monitoring, multilingual analysis, model training and evaluation,
transformer fine-tuning, and interactive visualisations, providing an accessible research

environment suitable for users.
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CHAPTER ONE
INTRODUCTION TO THE STUDY

1.1 Introduction

Sentiment the subjective evaluation of ideas, events, and entities has
migrated from private discourse to the global public square through
Web 2.0. Social-media networks such as X (formerly Twitter), Facebook,
Reddit and Instagram now broadcast billions of short messages each day,
forming a rich yet volatile reservoir of public opinion that is used for
strategic insight (Rodriguez-Ibanez, Casdnez-Ventura, Castejon-Mateos,
& Cuenca-Jiménez, 2023). The resulting data deluge has elevated
sentiment analysis from a niche computational-linguistic task to a widely
used capability in many applications, including business intelligence,
public-health monitoring, and political analysis (Wankhade, Rao, &
Kulkarni, 2022). Concurrently, advances in cloud computing and modern
open-source machine-learning ecosystems such as HuggingFace
Transformers, PyTorch, and API-based services have lowered the technical
barrier to deploying sentiment-aware applications, enabling practitioners
to translate social emotions into actionable dashboards in near real time
(Bashiri & Naderi, 2024). Notwithstanding its appeal, extracting affect
from microblog posts remains a technically challenging problem. Tweets
are capped at 280 characters, rife with creative spelling, hashtags, user
mentions, and rapidly evolving slang, which undermine the assumptions of
traditional n-gram or lexicon methods (Wankhade et al., 2022). Moreover,
users increasingly substitute words with emojis whose sentiment is whose
semantic contribution varies strongly with linguistic context and

multidimensional; overlooking these pictographic cues can bias polarity



estimates (Godard & Holtzman, 2022a). Sarcasm and code-switching
further exacerbate ambiguity, particularly in multilingual regions such as
the Gulf where Arabic and English intermingle within the same post
(Abuzayed & Al-Khalifa, 2021). In response to these challenges, recent
research has embraced deep-learning architectures that learn distributed
representations directly from raw text. Transformer-based language
models, exemplified by BERT, RoBERTa, and the domain-specific
BERTweet, employ self-attention to capture long-range benefits and have
established state-of-the-art performance across benchmark datasets
(Bashiri & Naderi, 2024). Fine-tuning such pre-trained encoders on
task-specific corpora reduces annotation costs while improving
generalisation to noisy social-media vernacular (Rodriguez-Ibanez et al.,
2023). Complementary techniques data augmentation, emoji-aware
tokenisation, and multilingual embedding alignment further enhance
robustness to sarcasm and cross-lingual code-mixing (Abuzayed & Al-
Khalifa, 2021). Despite these advances, practical deployment within the
Bahraini context still faces two limitations. First, most public models are
optimized for English data and underperform on the hybrid Arabic-English
transcripts prevalent among local users (Wankhade et al., 2022). Second,
existing academic prototypes seldom expose their capabilities through
graphical interfaces, hindering adoption by non-technical decision-makers
(Rodriguez-lbanez et al., 2023). This thesis therefore develops an
end-to-end that couples a RoOBERTa variant fine-tuned on a curated Twitter
corpus with a custom Tkinter GUI, enabling real-time sentiment
monitoring tailored to the University of Bahrain research community
(Bashiri & Naderi, 2024).

The overarching aim is to design, implement, and empirically

evaluate a comprehensive Al-based sentiment-analysis system capable of




reliable polarity classification across multilingual social-media streams,
while also providing an integrated environment for real-time opinion
polling, multilingual hashtag monitoring, model training and evaluation,
transformer fine-tuning, and interactive visual analytics through an

intuitive graphical interface.

Text Sentiment Classifier Post- . -
. K Evaluation Application
Input Text Preprocessing & |—> (LSTM/CNN/ —>| processing & |[—> Metrics — Output
Tokenization Transformer) Label Mapping a

Figure (1.1): Overview of Al-Based Sentiment Analysis Pipeline for Social
Media.

Figure (1.1) illustrates a simplified version of the sentiment-analysis
pipeline. When the user enters text, the system first performs text
preprocessing and cleaning to remove unnecessary elements such as
usernames, links, and other non-informative tokens. The cleaned text is
then processed through the tokenization stage, which converts it into a
format suitable for the sentiment classifier. The classifier generates
sentiment scores based on the patterns it learned during training. Finally,
these scores are passed to the application output stage, where the results
are displayed in the graphical interface as charts or percentage

distributions.

1.2 Research Problem

The growing reliance on social-media platforms for real-time public
expression has intensified the need for systems capable of accurately
interpreting sentiment from short, informal, and multilingual posts.
Platforms such as X (formerly Twitter) and Reddit generate large volumes

of user-generated content, yet the linguistic characteristics of this content




such as sarcasm, code-switching, emoji usage, and contextual ambiguity
make automated interpretation highly challenging and frequently lead to
misclassification. Traditional machine-learning classifiers, including
Support Vector Machines (SVM) and Naive Bayes (NB), also struggle
with these complexities, particularly when applied to rapidly evolving,
multilingual microblog environments. The methodological contribution of
this research is to design and evaluate an Al-based sentiment-analysis
pipeline that integrates transformer architectures, robust preprocessing
methods, and multilingual tokenization strategies to overcome these
limitations. The application contribution is the development of a practical,
rapid, and transparent sentiment-monitoring system capable of handling
real-time social-media streams within the Bahraini context. Together, these
contributions address the core research problem: how to transform noisy,
fast-moving social-media text into trustworthy, interpretable sentiment

signals for academic, industrial, and governmental stakeholders.

1.3 Research Questions

The research questions that are investigated are:

e How accurately can the pre-trained
twitter-roberta-base-sentiment model classify polarity and assign
confidence scores to live Twitter streams relative to traditional
sentiment-analysis approaches?

e How effectively does the CustomTkinter graphical interface
enable rapid, and clear visualisation of real-time sentiment data
under practical latency constraints?

e To what extent do the system’s continuous opinion-polling

dashboards deliver actionable insights into public sentiment




during unfolding events when compared with existing

social-media analytics tools?

Research Questions on Sentiment Analysis System

Sentiment Model Accuracy ‘g" -~ a_p - Graphical Interface Effectiveness
\ /

oo .
g’ o

Research
Questions

Figure (1.2): Research Questions on Sentiment Analysis System

1.4 Research Objectives

The objectives of this research are as follows:

e Develop an end-to-end, real-time sentiment-analysis system that
streams Twitter data, preprocesses it, and classifies polarity and
confidence scores using the pre-trained transformer model
twitter-roberta-base-sentiment.

e Benchmark the model’s classification accuracy, latency, and
resource  efficiency against rule-based and classical
machine-learning  baselines to  quantify  performance
improvements.

e Design and implement a CustomTkinter graphical interface that
presents live polarity distributions, confidence metrics, and
temporal sentiment trends through intuitive, interactive
visualisations.

e Implement and validate an opinion-polling module that
aggregates classified tweets into continuous public-sentiment
indicators, assessing its utility for timely, actionable insight

generation.




1.5 Research Significance

The importance and relevance of this research study can be

attributed to the following factors:

e Advances the academic discourse on social-media analytics by
demonstrating the efficacy of domain-specific transformers for
real-time sentiment classification, thus providing a replicable
benchmark for future Al research.

e Supplies practitioners, policymakers, and marketers with a
practical mechanism to monitor and interpret public opinion
dynamics on Twitter, enhancing situational awareness during
rapidly evolving events.

e Facilitates data-driven decision-making by delivering immediate
polarity and confidence metrics, enabling timely adjustments to
communication strategies, crisis responses, and campaign
messaging.

e Showcases an integrated, user-centric platform that unifies
streaming data ingestion, transformer-based analysis, graphical
visualization, and opinion polling, thereby illustrating a scalable

template for interactive sentiment-analysis applications.

1.6 Study Setting

The study was conducted through University of Bahrain using a
Windows 11 workstation equipped with an Intel Core 17 CPU, 32 GB
RAM, and an NVIDIA RTX 3060 Ti GPU. Python 3.10 served as the
primary language, with the Hugging Face Transformers library employed
to load the “twitter-roberta-base-sentiment” model. Tweet streams were

simulated through Tweepy’s API sandbox to ensure continuous data flow




during testing. A CustomTkinter-based GUI was developed and executed
within a Jupyter Notebook and later packaged as a standalone desktop

application.

1.7 Research Terminologies

Sentiment polarity refers to the categorical orientation positive,
negative, or neutral assigned to each tweet according to its expressed
attitude toward a target entity. Confidence score denotes the probabilistic
certainty, scaled between 0 and 1, that the underlying classifier attaches to
the predicted polarity, thereby guiding thresholding decisions. A
pre-trained model is a neural network whose parameters have been
optimised on a large external corpus and subsequently reused or fine-tuned
for the specific task, drastically reducing data and computation
requirements. Transformer-based model designates any architecture
utilising multi-head self-attention to capture contextual dependencies
within sequences; twitter-roberta-base-sentiment 1is the specialised
transformer employed in this study. Tweet preprocessing encompasses the
automated cleansing and normalisation steps such as lower-casing,
tokenisation, emoji translation, stop-word removal, and URL masking
executed before model inference to mitigate noise. Opinion polling
describes the temporal aggregation of individual tweet classifications into
rolling statistics that approximate collective public sentiment on a defined
topic or hashtag. GUI output represents the real-time visual elements
rendered by the CustomTkinter interface, including colour-coded polarity
bars, time-series plots of aggregated sentiment, and textual confidence
indicators delivered to end users. Streaming pipeline denotes the
asynchronous collection, buffering, and dispatch of tweets from the Twitter

API to the classification engine, ensuring minimal latency between data




acquisition and visual presentation under typical broadband network
conditions. Together, these terminologies form the conceptual framework
guiding system design, experimental evaluation, and result interpretation

throughout the thesis.




CHAPTER TWO
LITERATURE REVIEW

2.8 Overview of Sentiment Analysis

2.8.1 Historical Development of Sentiment Analysis

Sentiment analysis has evolved through several methodological
phases, beginning with rule-based systems, progressing to machine-
learning classifiers, and eventually advancing to deep learning and
transformer-based models. Following Figure 2.1. Early rule-based
approaches relied on hand-crafted lexicons and grammatical rules to assign
polarity, but they often failed to capture contextual nuances such as
negation, sarcasm, and informal language variations common in social
media. The introduction of machine-learning approaches marked a
significant shift. Algorithms such as Naive Bayes, Support Vector
Machines, and Logistic Regression leveraged labeled datasets to learn
sentiment patterns statistically. These models outperformed lexicon
methods but still depended heavily on manual feature engineering. The
emergence of deep learning brought substantial improvements. CNNs
captured local n-gram features, whereas LSTMs and other recurrent
networks modelled long-range dependencies, enabling more robust

understanding of informal and noisy text.

Rule-Based Systems a Machine Learning a Deep Learning (CNN, a Transformer Models
(2000-2005) Methods (NB, SYM, LR} LSTM, GRU) (BERT, RoBERTa, XLM-R)

Figure (2.1): Historical Development of Sentiment Analysis




The most recent phase is dominated by transformer-based
architectures, particularly BERT and RoBERTa, which use self-attention
mechanisms to capture global context and deliver state-of-the-art
performance across multiple sentiment benchmarks, including multilingual
and social-media datasets. Despite remarkable progress from naive lexicon
lookups to sophisticated Al models, challenges remain. Current state-of-
the-art models struggle with sarcasm detection, idioms, emerging slang,
and domain shifts. They often function as "black boxes" with limited
interpretability. Future research explores hybrid approaches combining
language models with external knowledge, multimodal sentiment analysis
integrating text with audio-visual cues, and developing more explainable

and fair models addressing training biases.
2.8.2 Granularity Levels and Applications of Sentiment Analysis

Sentiment analysis can be performed at different levels of granularity, each
serving distinct analytical goals. At the document level, entire texts such
as product or movie reviews receive a single sentiment label, providing a
coarse but efficient overview of overall opinion (Su et al., 2023). Sentence-
level analysis evaluates individual sentences, making it especially suitable
for short-form content like tweets, where a single sentence often conveys
a complete sentiment. Aspect-based sentiment analysis (ABSA) offers the
most fine-grained approach by identifying specific aspects within a text
and assigning sentiment individually. For instance, in the review “The
camera is great but the battery is awful,” the same sentence expresses
contrasting sentiments toward different features. SemEval datasets such as
SemEval-2014 Task 4 on restaurant and laptop reviews have established
standardized corpora and evaluation protocols for ABSA (Pontiki et al.,

2016). These relationships between granularity levels and their
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applications are illustrated in Figure 2.2. Across these levels, social media
introduces additional challenges. Tweets are short, informal, and often
contain emojis, abbreviations, sarcasm, and mixed-language expressions.
Sarcasm can invert the intended sentiment of positive words, negation can
subtly shift polarity (e.g., “not great”), and code-mixed or multilingual
posts complicate analysis when models are trained primarily on English
(Helal et al., 2024; Yacoub et al., 2024). These factors make Twitter an
especially demanding testbed for sentiment analysis. Despite these
challenges, sentiment analysis has been widely applied in finance (market
reaction monitoring), healthcare (tracking mental health indicators), e-
commerce and marketing (brand monitoring and product review mining),
and political analysis (public opinion tracking during elections) (Greyling
& Rossouw, 2023; Helal et al., 2024; Yacoub et al., 2024; Sudirjo et al.,
2023). In all these domains, short real-time messages from platforms such

as Twitter and Reddit play a central role.

Applications: Product

Aspect-Based Sentiment ; Features, Service
Analysis (ABSA) Aspects, Fine-Grained... \

Applications: Tweets, 9 Real-World Uses:
Sentence-Level . . N

. . Short Text, Quick Polarity Finance, Marketing,
Sentiment Analysis L "
Decisions ) Healthcare, Politics

Applications: Reviews,

Document-Level
. . ﬁ Long Text, Overall Polar... —
Sentiment Analysis

Figure (2.2):Granularity levels of sentiment analysis and their associated
real-world applications.
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This thesis focuses specifically on sentence-level and tweet-level social
media sentiment analysis, within an environment characterized by short,
noisy, and mixed Arabic—English posts. The aim is to leverage domain-
adapted RoBERTa/XLM-R models to provide accurate and practical

sentiment analysis through an accessible GUI.

2.8.3 Challenges in Social Media Sentiment Analysis

Social media sentiment analysis faces several unique challenges that
stem from the informal linguistic style of user-generated content and the
technical constraints of online platforms. Linguistically, social media
language is highly informal and creative. Posts often include slang,
abbreviations, and code switching, which complicate text processing
(Indumathi, 2020). Mining sentiments from social data introduces concerns
about privacy, misinformation, and authenticity. User privacy is a
paramount issue even if posts are public, they may contain sensitive
personal data, and users often do not expect their content to be mined a
masse. Analysing social posts can lead to privacy violations if proper care
isn’t taken (Vogel & Lange, 2023). Researchers must adhere to data
protection regulations and ethical guidelines, e.g. anonymizing user
identifiers. In summary, social media sentiment analysis must overcome
noisy, short, and idiosyncratic text; navigate platform-imposed data access
limits and real-time processing demands; and ensure ethical use of data
amidst privacy concerns, misinformation, and inauthentic actors. Ongoing
research is addressing these challenges with more sophisticated language
models (e.g., sarcasm- and code-switching-aware algorithms), robust big-

data infrastructures, and privacy-conscious data handling methods.

12



2.9 Traditional Approaches to Sentiment Analysis

2.9.1 Lexicon-Based Methods

Lexicon-based sentiment analysis relies on predefined dictionaries that
assign polarity scores to words or phrases. These methods compute overall
sentiment by aggregating the scores of words appearing in a text. Their
main strengths are simplicity, transparency, and the absence of training
requirements, making them suitable for quick baseline evaluations. Several
well-known English lexicons have been widely used in social media
research. VADER (Valence Aware Dictionary and sEntiment Reasoner) is
specifically designed for online text and incorporates heuristics for
capitalization, punctuation, negation, and emojis, making it more effective
on tweets than generic lexicons (Hutto & Gilbert, 2014). AFINN (Finn
Arup Nielsen) provides integer-based polarity scores and covers informal
language, while SentiWordNet extends sentiment scoring to WordNet,
although it lacks coverage for slang and non-standard expressions common
on Twitter. Multilingual sentiment lexicons have been created to extend
analysis beyond English. Resources such as ML-SentiCon and the NRC
Emotion Lexicon provide polarity or emotion categories across multiple
languages, while SenticNet maps sentiment at a concept level to support
broader semantic interpretation. However, these lexicons still struggle with
dialectal variations, transliteration (e.g., Romanized Arabic), and rapidly
evolving slang that characterize social media platforms. Despite their
advantages, lexicon-based methods face notable limitations. They provide
no contextual understanding, cannot reliably interpret sarcasm, idioms, or
complex negation, and offer limited support for mixed-language content.

These limitations reduce their effectiveness on noisy, code-mixed Arabic—
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English tweets. As a result, lexicon approaches are often used only as
baselines, with contemporary systems favoring machine-learning and
transformer-based models that can better handle informal and multilingual

social media text.

2.9.2 Machine Learning Approaches

Classical machine learning methods played a central role in early sentiment
analysis and continue to serve as strong baselines for short-text
classification tasks, including social media analysis. These models rely on
numerical feature representations such as Bag-of-Words (BoW), TF-1DF,
and n-grams, transforming text into sparse vectors before applying
statistical classifiers. Naive Bayes (NB) models estimate the probability of
a sentiment class based on word occurrences under an independence
assumption. NB is computationally efficient and performs well on high-

dimensional sparse data but struggles with contextual dependencies.

Support Vector Machines (SVM) became widely used for sentiment
classification due to their effectiveness with high-dimensional text
features. SVMs learn a decision boundary that maximizes class separation
and often outperform simpler classifiers on short, informal texts such as
tweets. Also, Logistic Regression (LR) provides a probabilistic framework
for binary or multiclass sentiment prediction. It known for its
interpretability and competitive performance, especially with regularized
feature weights. Decision Tree (DT) models offer intuitive, rule-based
representations but tend to overfit due to the complexity and sparsity of
textual data. Random Forests (RF) alleviate this through ensemble
learning, improving generalization by aggregating predictions from

multiple trees. However, both DT and RF require more computation than
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linear models and provide less interpretability than LR or NB. Beyond
supervised learning, semi-supervised methods such as self-training and
active learning help address the scarcity of labeled data in social media
contexts. These techniques iteratively incorporate model-predicted labels
or selectively query human annotators to expand training sets efficiently.
Unsupervised clustering methods like K-means can reveal latent sentiment
groupings within unlabeled corpora, supporting exploratory analysis or
pre-labeling.

Overall, classical machine learning methods are fast, interpretable,
and effective on structured or moderately noisy text. However, they lack
contextual understanding and struggle with informal, multilingual, or code-
mixed content. These limitations make them less suitable for Twitter
sentiment analysis—particularly for mixed Arabic—English data—where
transformer-based models now provide substantially stronger

performance.

2.9.3 Feature Engineering for Sentiment Analysis

Feature engineering transforms raw social media text into numeric
representations, critical for traditional machine learning (ML)-based
sentiment analysis. These engineered features broadly fall into traditional
text, linguistic, and statistical/semantic categories. Traditional text features
are foundational and include Bag-of-Words (BoW), Term Frequency-
Inverse Document Frequency (TF-IDF), and n-grams (word and character).
BoW features count word occurrences without considering order, making
them efficient yet simplistic. Naive Bayes classifiers notably perform
effectively with binary BoW vectors due to independence assumptions

(Kumar et al., 2025).

15



Statistical and semantic features embed deeper linguistic and
domain-specific knowledge into sentiment models. Pre-trained word
embeddings (Word2Vec, GloVe) represent semantic similarity as dense
vectors, enhancing the generalization capabilities of classifiers by
capturing relationships between sentiment words (Kumar et al., 2025).
Lexicon-based sentiment scores from resources like VADER or AFINN
directly quantify word sentiment, enriching ML models with external
knowledge. = Comparatively, traditional features like TF-IDF are
advantageous for SVMs due to their sparsity, while Naive Bayes excels
with simple BoW. Logistic Regression leverages lexicon-weighted
features effectively, combining interpretability with improved accuracy. A
typical sentiment analysis pipeline incorporates these varied features, as

Deep Learning in Sentiment Analysis

2.9.4 Recurrent Neural Networks (LSTM/GRU)

Recurrent Neural Networks (RNNs) are specialized for processing
sequential data, where each step depends on previous outputs. In sentiment
analysis, they help capture contextual nuances across time. However,
vanilla RNNs face challenges due to vanishing and exploding gradients.
These issues limit their ability to model long-term dependencies
effectively. As the sequence length increases, the learning signal
deteriorates, leading to poor performance on tasks requiring memory over
many timesteps.

To address these limitations, Long Short-Term Memory (LSTM)
networks were introduced. LSTMs enhance RNNs by incorporating a
memory cell and three gating mechanisms: the forget gate, input gate, and
output gate. These gates manage the flow of information, allowing the

model to retain relevant information and discard irrelevant content across
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sequences. This architecture enables the LSTM to retain or discard past
information selectively, thus addressing the vanishing gradient issue.
LSTMs are well-suited for sentiment analysis, especially when dealing
with long texts or complex sentence structures, as they maintain context
across multiple time steps (Waqas & Humphries, 2024). Gated Recurrent
Units (GRUs) offer a streamlined alternative to LSTMs. They simplify the
architecture by merging the forget and input gates into a single update gate
and removing the cell state. The GRU uses two main gates update and reset
to regulate memory. GRUs are computationally efficient and perform
comparably to LSTMs, particularly in environments with limited data or
where faster training is necessary. Their reduced parameter count helps in
avoiding overfitting while enabling robust performance (Rivas et al.,
2025). In comparing the two, LSTMs are more expressive and suitable for
modeling complex dependencies in long sequences. Their distinct memory
cell helps in tasks involving nuanced sentiment changes over time.
However, GRUs train faster and generalize better on smaller datasets due
to fewer parameters. A study by (Raza et al. 2021) revealed that GRUs
achieved higher accuracy than LSTMs and RNNs on cloud service
reviews, highlighting their efficiency and robustness in resource-
constrained settings. Numerous applications demonstrate the efficacy of
LSTM and GRU architectures in sentiment analysis. (Nistor et al. 2021)
applied LSTMs to Twitter sentiment classification and achieved over 82%
accuracy, outperforming traditional ML models like SVM. (Alosaimi et al.
2024) combined AraBERT with LSTM to create a robust Arabic sentiment
classifier that surpassed 97% accuracy. These examples illustrate LSTM’s
strength in handling morphologically rich and long textual data.

GRUs have also been widely adopted in multilingual sentiment

tasks, especially where rapid training and data efficiency are needed. For
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instance, studies leveraging bilingual word embeddings and GRUs have
successfully classified sentiments in code-mixed tweets, showing the
model’s adaptability across languages and informal language styles.
Hybrid models combining LSTM or GRU layers with CNN or transformer-
based encoders have shown superior performance. (Bouassida and Mezali
2025) integrated RoBERTa with a BiILSTM and reported accuracy above
91% on IMDb and Twitter datasets. These architectures capture both
global context from transformer encoders and sequential dynamics from
LSTM/GRU layers, enhancing sentiment prediction across domains. In
conclusion, both LSTM and GRU networks offer solutions to the
limitations of traditional RNNs. LSTMs excel in modeling long-term
dependencies with rich internal state control, while GRUs provide speed
and simplicity with comparable accuracy. Their integration into modern
sentiment analysis systems either as standalone classifiers or in hybrid
forms continues to advance the field, powering real-world applications

from social media monitoring to multilingual opinion mining.

2.9.5 Convolutional Neural Networks for Text

Convolutional Neural Networks (CNNs) have been successfully
adapted from computer vision to text classification tasks, offering efficient
local pattern recognition capabilities. A typical CNN for sentiment analysis
begins by mapping each word to dense embedding vectors, creating a 2D
matrix of shape nxd. One-dimensional convolutional filters slide over these
embeddings to extract local n-gram features, followed by max-pooling and
a softmax classification layer. Multi-channel CNNs enhance feature
diversity by processing multiple input representations in parallel.

Examples include architectures using static vs. trainable embeddings (Kim,
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2014), multi-scale filters (Rajesh & Hiwarkar, 2023), and channels

combining embeddings with syntactic or metadata features.

Table (2.1): CNN comparisons

Model Type Key Idea Example Studies
Uses one embedding
Single-Channel CNN representation with convolution (Kim 2014)
+ pooling.

Multi-Channel CNN (Static Combines fixed pre-trained

+Trainable) embeddmgs with trainable (Kim 2014)
embeddings.
Multi-Scale CNN Parallel convolutions with filter | .o & Hiwarkar 2023)

sizes 3,4, 5,6, 8.
Combine embeddings with
syntax/positional features.
Parallel channels for text +
Twitter metadata.

Feature-Fusion CNN (Feng & Cheng 2021)

Metadata-Augmented CNN (Sitaula & Shahi 2022)

2.9.6 Word Embeddings and Contextual Representations

Word embeddings are a core component of modern sentiment analysis,
enabling models to represent words as continuous vectors rather than
isolated tokens. Early approaches used static embeddings, where each
word type received one fixed vector regardless of its context. Models such
as Word2Vec (Mikolov et al., 2013), GloVe (Pennington et al., 2014), and
FastText (Bojanowski et al., 2017) fall into this category. Word2Vec learns
representations based on local word co-occurrences, GloVe incorporates
global statistical information, while FastText improves robustness by
representing words through character-level n-grams. FastText is
particularly effective for noisy social media text because it can generate
vectors for misspellings, slang, and unseen words. However, static
embeddings cannot adapt to different meanings of the same word. A word
like “apple” receives the same vector whether it refers to fruit or the
technology company. This limitation creates challenges for sentiment

interpretation, especially in short, ambiguous social media posts where

19



context 1s essential. The shift toward contextual embeddings transformed
sentiment analysis. However, transformer-based architecture like BERT,
RoBERTa, and XLM-R, generate word representations that depend on the
surrounding sentence. These contextual models capture polysemy,
idiomatic expressions, and long-range dependencies far more effectively
than static embeddings. Their ability to embed meaning dynamically
makes them particularly suitable for noisy platforms like Twitter. For
multilingual applications, XLM-RoBERTa provides strong cross-lingual
semantic alignment across 100 languages, enabling models trained on
English sentiment data to generalize to other languages, including dialectal
Arabic and mixed Arabic—English tweets. This capability is crucial for
platforms where code-switching and transliterated forms (e.g., Romanized
Arabic) are widespread. Empirical studies consistently show that
contextual embeddings outperform static vectors on sentiment
classification benchmarks. While Word2Vec or FastText combined with
CNN/LSTM architecture provides solid baselines, transformer-based
models achieve substantially higher accuracy, especially when fine-tuned
on domain-specific datasets such as TweetEval. Given these advantages,
this thesis adopts ROBERTa and XLM-R as the primary embedding and
encoding models. Their contextual, multilingual, and domain-adaptive
properties make them far more suitable for analyzing noisy, mixed Arabic—

English Twitter content than static embedding methods.

2.10 Transformer Architectures

2.10.1 Attention Mechanism and Self-Attention

Attention mechanisms revolutionized neural network architectures

by enabling models to selectively focus on relevant input components.
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Traditional encoder-decoder models employ attention to align and weight
encoder hidden states during output generation. Bahdanau's additive
attention computes alignment scores between decoder state s;_; and
encoder output h; through feed-forward networks producing attention
weights summing to unity. Context vectors ¢; = );; a; ;h; form weighted
sums of encoder states, enabling decoders to attend to relevant input
portions at each step through global soft-attention mechanisms (Kardakis
et al., 2021). The attention process follows systematic steps: for each
decoder timestep, scores are computed for all encoder states using either
additive or multiplicative formulations, converted to probabilities via
SoftMax, and combined into context vectors through weighted summation.
This dynamic alignment between target and source sequences enables
flexible correspondence modeling, with Bahdanau's additive attention
capturing more complex alignments while Luong's dot-product approach
operates faster. Self-attention represents a paradigmatic shift from cross-
attention by relating tokens within identical sequences. Each token
generates query, key, and value vectors (Q, K, V) through linear

embedding projections. enabling every token to attend to all others

simultaneously. The scaling factor \/d_k prevents extreme softmax weights,
while inherent parallelizability across positions eliminates sequential
processing requirements. This mechanism replaces RNN functionality by
allowing each position to incorporate information from all other positions
within single layers, facilitating faster training and more comprehensive
context modeling (Conneau et al., 2020). Modern implementations utilize
pre-trained transformer models like RoBERTa and XLM-RoBERTa,
comprising stacked transformer layers with multi-head self-attention.
XLM-RoBERTa exemplifies multilingual capabilities through pre-training

on 2.5TB CommonCrawl text spanning 100 languages. The base
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architecture features 12 layers with 12 attention heads per layer (768-
dimensional model). During processing, special [CLS] tokens are
prepended to input sequences, with final [CLS] hidden states serving as
pooled representations for classification. The xIm roberta analyzer
module leverages these [CLS] vectors through feed-forward classifier
heads for sentiment prediction (Prytula, 2024).

Multi-head self-attention extends basic mechanisms by running
parallel attention functions on different learned linear projections. Each
head projects Q, K, V into distinct subspaces, computing individual
attention maps before concatenation and linear back-projection. This
design enables simultaneous capture of multiple relationship types or
features. As Ni et al. (2023) explain, multi-head attention allows models to
attend to ‘'"information from different representation subspaces"
concurrently. Key distinctions emerge between attention types: classical
Bahdanau/Luong attention operates in encoder-decoder architectures
through sequential alignment weight computation, conditioning each
output token on source-dependent contexts. Self-attention functions within
single sequences, enabling simultaneous attention across all positions
through parallel computation. While RNN-based attention provides
sequential source-to-target alignment, transformer self-attention offers
flexible, parallelizable contextual information integration across sequences
through multiple representation subspaces. These mechanisms
fundamentally transformed sentiment analysis by enabling more
sophisticated context modeling, long-range dependency capture, and
efficient parallel processing. The evolution from sequential cross-attention
to parallel self-attention represents a critical advancement in neural

architecture design, particularly beneficial for social media text analysis
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where context and nuanced relationships significantly impact sentiment

interpretation.

2.10.2 BERT and Its Architecture

Bidirectional Encoder Representations from Transformers (BERT)
represents a revolutionary deep, encoder-only Transformer model that
fundamentally changed natural language processing. BERT's input
representation combines three embedding types for each token: WordPiece
token embeddings, segment embeddings distinguishing sentence
boundaries, and positional embeddings encoding token indices (Gardazi et
al., 2025). BERT-base comprises 12 identical Transformer encoder layers
with 768 hidden dimensions, 12 attention heads, and approximately 110
million parameters. Each BERT layer contains two sublayers with residual
connections and layer normalization. The multi-head self-attention
mechanism enables each token to attend simultaneously to all sequence
tokens, capturing both left and right contexts bidirectionally. The position-
wise feed-forward network applies two-layer perceptions to each position
with intermediate non-linearity. Residual connections and layer
normalization stabilize training and facilitate gradient flow through the 12-
layer architecture.

Implementation involves 80% token replacement with [MASK],
10% random token substitution, and 10% unchanged tokens to mitigate
train-test discrepancies (Wettig et al., 2023). Next Sentence Prediction
(NSP) constitutes the second pretraining objective, requiring binary
classification of sentence pairs to determine sequential coherence. The loss
trains BERT to capture inter-sentence relationships, though subsequent
research questioned its effectiveness, leading models like RoBERTa to

abandon this objective. BERT's architectural innovations distinguish it
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from related models. Compared to ELMo's (Embeddings from Language
Models) shallow bidirectional LSTM producing surface-level bidirectional
context at final layers, BERT implements deep bidirectional attention at
every layer through self-attention mechanisms. This deeper contextual
integration yields substantially richer semantic representations. Several
BERT wvariants address specific limitations while preserving core
architectural principles. DistilBERT achieves 40% parameter reduction
(66M versus 110M) through knowledge distillation, maintaining 96% of
BERT's performance while operating 45-60% faster during inference
(Barbon & Akabane, 2022). ALBERT introduces factorized embeddings
and cross-layer parameter sharing, reducing parameters from O(V X H) to
O(V X E + E x H) where embedding dimension E is smaller than hidden
dimension H, achieving only 12M parameters while maintaining
comparable performance (Zeng et al., 2022).

RoBERTa preserves BERT's encoder architecture while eliminating
NSP and utilizing enhanced training procedures with larger datasets and
improved masking strategies. XLM-RoBERTa extends this approach to
100 languages through multilingual masked language pretraining,
achieving state-of-the-art cross-lingual performance by scaling BERT's
concepts globally (Conneau et al., 2020). Modern sentiment analysis
systems leverage ROBERTa and XLM-R as underlying language models,
benefiting from BERT's architectural innovations while incorporating
training improvements. These encoder-only models provide robust
contextual representations that significantly enhance sentiment
classification accuracy across diverse languages and domains, establishing
BERT's architecture as the foundation for contemporary transformer-based

sentiment analysis applications.
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2.10.3 RoBERTa and Optimization Techniques

RoBERTa (Robustly Optimized BERT Approach) retains BERT's
encoder-only Transformer architecture and bidirectional attention
mechanisms while implementing substantial pretraining regime
modifications for enhanced performance (Wang et al., 2025). Rather than
architectural changes, RoBERTa achieves superior results through
systematic training optimizations, demonstrating that careful pretraining

procedures can significantly impact model effectiveness without structural

modifications.
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Figure (2.3): BERT-large Architecture (Dikmener, 2022)

The most significant modification involves eliminating BERT's
Next Sentence Prediction (NSP) objective. Original NSP aimed to help
models learn sentence-pair relationships, but empirical evidence revealed
minimal contribution to most downstream tasks. By removing NSP,
RoBERTa concentrates all pretraining effort on masked token prediction,

improving token-level contextual understanding while avoiding capacity
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waste on irrelevant sentence-pair tasks for many applications. Dynamic
masking represents another crucial optimization. Unlike BERT's fixed
masking patterns where identical tokens are masked repeatedly, RoOBERTa
implements dynamic masking by re-sampling masked tokens randomly for
each training epoch and sequence. This approach exposes models to
diverse masking configurations continuously, preventing overfitting to
specific mask patterns while enabling learning from richer token-mask
contexts, ultimately improving generalization capabilities.

RoBERTa's training corpus expansion dramatically exceeds BERT's
scale, utilizing over 160GB of uncompressed text from multiple sources
including Wikipedia, BookCorpus, CommonCrawl News, OpenWebText,
and Stories datasets, compared to BERT's approximately 16GB. This
order-of-magnitude increase provides exposure to substantially wider
language patterns and vocabulary coverage, with experiments consistently
demonstrating superior performance from larger training corpora.
Optimization parameter scaling represents another key advancement.
RoBERTa employs batch sizes reaching thousands of sequences (up to
8,000 sentences per batch) with correspondingly adjusted learning rates.
Larger batches enable processing more training examples per weight
update, stabilizing gradient estimates when learning on enormous datasets.
By aggregating over numerous examples, models can train for extended
iterations without overfitting, with appropriately tuned learning rate
schedules ensuring steady convergence at scale. RoBERTa utilizes
maximum-length inputs (512 tokens) throughout pretraining, contrasting
with BERT's approach of initially using shorter sequences before gradually
increasing length. This full-length training from the start enables better
modeling of longer-range language dependencies across extended

passages. Additionally, RoBERTa implements large byte-pair encoding
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(BPE) vocabulary (~50,000 tokens) similar to GPT-2, significantly
exceeding BERT's ~30,000 WordPieces. This expanded vocabulary
handles out-of-vocabulary words more gracefully through subword
representation. These modifications yield measurable performance
improvements. Original ROBERTa experiments achieved state-of-the-art
GLUE benchmark results with scores reaching 88.5, surpassing
corresponding BERT checkpoints through pretraining optimizations alone.
On social media benchmarks, RoOBERTa consistently outperforms vanilla
BERT. Barbieri et al. (2020) demonstrated through TweetEval evaluations
that pretrained RoBERTa-base models frequently exceeded Twitter-
specific trained models, indicating robust pretraining's effectiveness for
social media text processing. Contemporary implementations leverage
specialized variants like CardiffNLP's "twitter-roberta-base-sentiment"
model, combining RoBERTa's optimization advantages with domain-
specific training. This model, pretrained on tens of millions of English
tweets from January 2018 to December 2021 and fine-tuned using
TweetEval benchmarks, exemplifies how RoBERTa's robust pretraining
foundation enhances domain-specific applications (Semary et al., 2024).
Such specialized models demonstrate ROBERTa's versatility for handling
short, informal social media text while maintaining the architectural
simplicity and training efficiency improvements that distinguish it from

BERT's original implementation.

2.10.4 XILM-RoBERTa Overview

XLM-RoBERTa (XLM-R) represents a massively multilingual
extension of RoBERTa, preserving the same encoder-only Transformer
architecture while dramatically expanding cross-lingual capabilities.

Trained as a masked language model on the extremely large
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CommonCrawl-derived CC100 corpus covering approximately 100
languages, XLM-R utilizes over 2.5 terabytes of filtered text to learn robust
cross-lingual representations from unlabeled data (Conneau et al., 2020).
This massive scale enables XLM-R to acquire strong zero-shot transfer
abilities, with Conneau et al. reporting that XLM-R "significantly
outperforms multilingual BERT (mBERT) on a variety of cross-lingual
benchmarks, including +14.6% average accuracy on XNLI."

XLM-R's design incorporates several key innovations that
distinguish it from previous multilingual models. The CC100 dataset
construction from year-2018 web crawls across 100+ languages provides
unprecedented multilingual coverage, exceeding earlier multilingual
corpora by orders of magnitude. This massive data scale and broad
language representation prove critical to XLM-R's superior cross-lingual
encoding capabilities. The training methodology extends standard masked
language modeling objectives across all 100 languages in CC100, forcing
the model to align representations across diverse linguistic families. This
unified multilingual training creates a common semantic space where
English sentiment data can effectively predict sentiment in other
languages, enabling robust zero-shot and few-shot transfer capabilities.
Empirical evidence demonstrates substantial transfer gains through
multilingual MLM training, as evidenced by significant XNLI
performance improvements.

XLM-R implements SentencePiece unigram language model
tokenization with approximately 250,000 subword tokens trained on
CC100, contrasting with mBERT's WordPiece vocabulary of ~119,000
tokens. This larger SentencePiece vocabulary enables more comprehensive
coverage of language-specific subwords and scripts, though potentially

resulting in longer sequences. This design choice facilitates more even

28



modeling across typologically diverse languages by ensuring each
language contributes substantially to joint vocabulary. Comparative
evaluations consistently demonstrate XLM-R's superiority over other
multilingual encoders. Against mBERT baselines, XLM-R's larger training
set and capacity translate into substantially stronger transfer performance,
with 14.6% higher average accuracy on cross-lingual NLI tasks. In
multilingual TweetEval benchmarks, XLM-R variants significantly
outperform mBERT on tweet classification tasks, with double-digit margin
improvements on tasks like MLQA and NER (Barbieri et al., 2022).
Recent multilingual alternatives include Google's RemBERT and
mT5, though XLM-R maintains practical advantages for sentiment
analysis applications. RemBERT achieves comparable performance
through decoupled input/output embeddings and parameter efficiency
improvements, while mT5's sequence-to-sequence architecture provides
state-of-the-art multilingual performance at higher computational costs
unsuitable for encoder-focused pipelines. Empirical studies consistently
validate XLM-R's effectiveness for multilingual sentiment analysis. Xu et
al. (2022) note that "XLM-Roberta was pre-trained in 100 languages and
obtained state-of-the-art performance on cross-lingual classification,
sequence labeling and question answering, especially in low-resource
languages." Twitter-specific evaluations demonstrate that XI.LM-R variants
fine-tuned on social media data typically yield strongest performance for
multilingual sentiment tasks. Contemporary implementations utilized
specialized models like CardiffNLP's "twitter-xIm-roberta-base-sentiment-
multilingual," which combines XLM-R's foundational cross-lingual
capabilities with domain-specific Twitter training across thirty languages.
This model exemplifies how XLM-R's robust multilingual foundations

enable effective real-time sentiment classification across diverse languages
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while maintaining the architectural efficiency and transfer learning
advantages that distinguish it from earlier multilingual approaches. Such
implementations demonstrate XLM-R's practical value for multilingual
social media sentiment analysis applications requiring both cross-lingual

transfer capabilities and domain-specific performance optimization.
2.11 Fine-Turing Strategies for Sentiment Analysis

2.11.1 Evolution of Transfer Learning Approaches

The emergence of pre-trained language models has reshaped sentiment
analysis, with fine-tuning becoming essential for achieving state-of-the-art
results. Early transfer-learning methods treated models such as ELMo and
BERT as frozen feature extractors, training only a task-specific classifier
on top (Peters et al., 2018; Devlin et al., 2019). This frozen-model strategy
remains highly efficient, as no transformer parameters are updated, which
significantly reduces memory usage and training cost. Kamruzzaman and
Kim (2023), for example, demonstrate that frozen ROBERTa embeddings
combined with FastText or SVM classifiers can produce competitive
results with minimal resources. However, frozen representations offer
limited adaptability to the nuances of specific sentimental tasks. Full fine-
tuning represents the opposite approach, updating all parameters of the pre-
trained model. This yields strong gains especially with RoBERTa and
XLM-R by allowing the model to specialize in sentiment patterns found in
social-media text. The drawback, however, is the substantial computational
demand, motivating the development of more efficient intermediate
techniques. Partial fine-tuning strategies aim to balance accuracy and
efficiency. Adapter-based methods (Houlsby et al., 2019) freeze the full

model and insert lightweight trainable modules within each transformer
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block, achieving near—full fine-tuning performance with far fewer
parameters. Selective-layer training provides another compromise: Lee et
al. (2019) show that fine-tuning only the top quarter of the transformer
layers can recover about 90% of full-model accuracy, reflecting the
division between lower-layer general linguistic features and upper-layer

task-specific features.

These tuning strategies have become especially effective in social-media
sentiment analysis. The TweetEval benchmark (Barbieri et al., 2020)
illustrates that domain-specific adaptation consistently outperforms
generic fine-tuning. CardiffNLP’s twitter-roberta-base-sentiment model
exemplifies this pattern by undergoing extra pre-training on 124 million
tweets before fine-tuning, achieving superior performance over standard
RoBERTa. Similarly, XLM-T (Barbieri et al., 2022) extends XLM-R
through additional multilingual Twitter pre-training, outperforming
general-domain multilingual models across 30+ languages. Collectively,
findings across these studies confirm that modern systems typically fine-
tune RoBERTa for English and XLM-R for multilingual contexts using
either full fine-tuning or parameter-efficient methods establishing them as
core components of high-accuracy sentiment analysis on social-media

platforms.

2.11.2 Domain Adaptation Techniques

The informal and highly variable nature of social media text creates
substantial domain shift challenges that significantly hinder cross-domain
sentiment analysis. Platforms such as Twitter and Reddit contain linguistic
patterns—slang, abbreviations, emojis, misspellings, hashtags, and code-

switching—that differ sharply from formal domains like news or reviews.
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Barbieri et al. (2022) describe Twitter as an “uncurated” environment rich
in misspellings, slang, vulgar expressions, and multimodality, which
disrupts traditional linguistic signals and causes models trained on formal
datasets to generalize poorly without domain adaptation. Adversarial
domain adaptation has become a leading solution to this problem. Methods
based on Domain-Adversarial Neural Networks (Ganin et al., 2016) train
models to produce domain-invariant representations by jointly optimizing
sentiment accuracy and resistance to domain discrimination. Recent work
by Lu et al. (2023) shows that adversarial modules can effectively align
feature distributions between source text (e.g., reviews) and target social-
media text, improving cross-domain performance. In practice, these
systems often use labeled data from formal domains combined with
unlabeled Twitter data, enabling the encoder to learn sentiment features
that remain stable across domain boundaries. Self-training and pseudo-
labeling offer another effective strategy for leveraging unlabeled social-
media data. A model trained on source-domain labels generates predictions
on unlabeled tweets; high-confidence predictions are then used as pseudo-
labels in iterative cycles. Lu et al. (2023) further enhance this approach
with a meta-learning—based framework (DaMSTF) that jointly optimizes
model parameters and pseudo-labels, enabling efficient transfer of
sentiment knowledge to informal domains. This method is especially

effective when large volumes of unlabeled tweet data are available.

Intermediate-task tuning, or continued pre-training, represents a
third major adaptation technique. This involves further masked language
model training on target-domain text before sentiment fine-tuning. Idrissi-
Yaghir et al. (2023) demonstrate this by continuing pre-training on 1.2

million German transit-related tweets, significantly improving downstream
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accuracy. Large-scale implementations such as XLM-T follow this
approach by continuing XLM-R’s pre-training on millions of tweets across
multiple languages before task-specific fine-tuning. Related strategies also
include pre-training on emoji prediction or platform-specific tasks, which
help the model acquire Twitter-style linguistic cues. Together, these
methods adversarial feature alignment, pseudo-labeling, and continued in-
domain pre-training enable transformer models like ROBERTa and XIL.M-
R to adapt effectively to Twitter’s informal, noisy language. Empirical
results consistently show that Twitter-specific models such as XLM-T
outperform general-domain versions, underscoring the importance of

robust domain adaptation in social-media sentiment analysis.

2.11.3 Few-Shot and Zero-Shot Learning

In resource-constrained scenarios involving new languages or
domains without annotated sentiment data, few-shot and zero-shot learning
methods provide attractive alternatives to traditional supervised
approaches. These techniques become particularly valuable when
developing sentiment analysis systems for low-resource languages or
specialized domains where labeled data acquisition is challenging or
expensive. Prompt-based techniques leverage large pre-trained language
models such as GPT variants and T5 models by framing sentiment analysis
as text completion or question-answering tasks. Zero-shot approaches
provide no labeled examples in the prompt, while few-shot methods
include several labeled tweet examples as demonstrations to guide the
model's predictions. These approaches exploit the broad world knowledge
encoded in large language models, enabling sentiment inference even
without task-specific fine-tuning. Prior research demonstrates that GPT-3

can perform impressively across many tasks in few-shot settings, though
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sentiment analysis results remain mixed, with large models sometimes
underperforming compared to fine-tuned smaller models, particularly in
narrow domains requiring precise calibration.

Despite performance variability, prompt-based methods have
proven valuable in practical applications. Few-shot GPT prompting has
been successfully employed to generate synthetic code-mixed tweets for
data augmentation, indirectly improving sentiment classifiers trained on
these synthetic examples (Zeng, 2024). Moreover, (Kumar and
Albuquerque 2021) demonstrated this approach by fine-tuning XLM-R on
English data and achieving 60.9% accuracy on Hindi tweets through zero-
shot transfer. Similar work shows XLM-R achieving 50-75% accuracy on
binary sentiment classification for languages like Swahili and Yoruba
without target language training data. The comparative advantages of these
approaches reflect different use case priorities. Prompt-based few-shot
methods with GPT or Flan-T5 offer maximum flexibility and often capture
nuanced expressions, particularly when provided with demonstration
examples, but require access to large model APIs and careful prompt
engineering. Encoder-based zero-shot approaches using XLM-R provide
simpler, more predictable performance but require target languages to be
represented in the pre-training data and may struggle with linguistically
distant languages. For multilingual tweet systems, combining these
approaches using XLM-R as an encoder-based fallback while employing
GPT for creative few-shot inference on novel phenomena like emoji-dense
or mixed-language content can yield robust results when annotated data

remains scarce.
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2.12 Multilingual Sentiment Analysis

2.12.1 Cross-Lingual Transfer Learning

Cross-lingual transfer learning represents a paradigmatic approach
to addressing the scarcity of annotated sentiment data across diverse
languages by leveraging high-resource language datasets to improve
sentiment classification performance in target languages. This
methodology typically involves fine-tuning multilingual models on
abundant English sentiment data and subsequently applying these models
to different target languages through zero-shot transfer or joint multilingual
fine-tuning approaches. The effectiveness of zero-shot cross-lingual
transfer has been demonstrated across multiple language pairs and model
architectures. Moreover, (Makoto and Shishido 2024) illustrated this
approach by training XLM-R models exclusively on English sentiment
data and applying them directly to Japanese and Indonesian without
exposure to target-language labels, achieving results that matched or
surpassed supervised baselines in Japanese contexts. Similarly, (Hu et al.
2023) developed SACL-XLMR, a lexicon-enhanced XLM-R framework
that secured first place on the zero-shot African languages subtask of
SemEval 2023, demonstrating robust cross-lingual generalization
capabilities to low-resource languages. These findings underscore the
capacity of multilingual transformer models to transfer sentiment
understanding across linguistic boundaries when appropriately fine-tuned.

The superior performance of XLM-R in cross-lingual scenarios
stems from its extensive multilingual pre-training and architectural
improvements over earlier models. Where, (Conneau et al. 2020)
demonstrated that XLM-R substantially outperforms multilingual BERT

across  cross-lingual benchmarks, achieving +13.8% accuracy
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improvement on XNLI (cross-lingual natural language inference) when
averaged across languages. Notably, XLM-R's performance gains are
particularly pronounced for low-resource languages, yielding +11.8%
XNLI accuracy for Swahili and +9.2% for Urdu compared to predecessor
models. In sentiment-specific applications, (Etori and Gini 2024) reported
that supervised XLM-R models achieved the highest accuracy (69.2%)
among transformer architectures on Kenyan Swahili-English code-
switched tweet corpora, maintaining competitiveness even in semi-
supervised settings. Multilingual fine-tuning approaches extend beyond
zero-shot transfer by jointly training models on sentiment data from
multiple languages simultaneously. This methodology requires
constructing parallel or multi-language datasets through translation of
existing benchmarks or collection of native-language corpora. Where,
(Camacho-Collados et al. 2022) exemplified this approach by fine-tuning
XLM-R on mixed-language TweetSentiment corpora covering eight
languages including Arabic, Hindi, and French, enabling the resulting
"twitter-XLM-R" model to perform sentiment classification across all
target languages. (Hu et al. 2023) further enhanced multilingual
performance by augmenting XLM-R with sentiment lexicons from
multiple African languages, demonstrating that multilingual fine-tuning on
combined datasets consistently improves performance compared to
monolingual training approaches. Critical to successful cross-lingual
transfer are alignment strategies that bridge linguistic gaps between source
and target languages. Modern multilingual models employ shared sub-
word vocabularies through SentencePiece or WordPiece tokenization to
build unified vocabularies spanning multiple languages. XLM-R's
SentencePiece vocabulary encompasses 250,000 tokens across over 100

languages, with each language effectively utilizing approximately 2,500
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tokens on average, enabling multilingual text encoding without explicit
language identification tags. Alternative alignment approaches include
embedding alignment through specialized pre-training, exemplified by
static mapping methods like MUSE (Lample et al., 2017) for bilingual
word embeddings and LASER (Artetxe & Schwenk, 2019) for language-
agnostic sentence representations. However, contemporary approaches
increasingly rely on end-to-end multilingual pre-training rather than
separate alignment procedures, with shared-token vocabularies providing
implicit cross-lingual alignment capabilities. Recent studies spanning
2020-2025 continue validating these methodological approaches. As
example (Koto et al. 2024) demonstrated that incorporating multilingual
sentiment lexicons during pre-training yields superior zero-shot sentiment
performance across 34 languages, including numerous low-resource
languages, outperforming large language models like GPT-3.5 and XGLM
on previously unseen languages. These findings establish cross-lingual
transfer learning as a standard methodology for analyzing sentiment in new

languages without requiring extensive annotation efforts.

2.12.2 Language-Specific Challenges

Multilingual sentiment analysis encounters distinctive challenges
that extend beyond English-centric approaches, with code-switching and
code-mixing representing primary complications in social media contexts.
Users frequently combine multiple languages within single messages,
creating linguistic phenomena such as Hindi-English "Hinglish" or Arabic-
English hybrid tweets that complicate traditional modeling approaches.
(Angel et al. 2020) emphasize that code-switching necessitates language-
independent feature extraction while introducing noise through

transliteration and slang that standard tokenizers frequently misinterpret.
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For instance, Hinglish tweets like "kal yeh movie mast thi bro" blend Hindi
vocabulary with English slang to express positive sentiment, requiring
models to simultaneously recognize Hindi terms and English
colloquialisms.

Script variation presents additional complications, particularly for
languages employing non-Latin writing systems such as Arabic, Urdu, and
Hindi's Devanagari script. Multiple script representations within single
languages create tokenization inconsistencies, as exemplified by Urdu's
dual representation through Perso-Arabic script and Roman transliteration
in social media contexts. (Liaqat et al. 2022) note that while Arabic-script
Urdu and Roman Urdu represent identical underlying languages, each
script variant introduces distinct tokenization challenges, with Roman
Urdu suffering from informal spelling conventions, extensive slang usage,
and absence of standardized orthography. Low-resource languages
compound these challenges through limited annotated corpora, absent
parsing tools, and insufficient sentiment lexicons. Moreover, (Liagat et al.
2022) highlight that Urdu, despite representing 170 million speakers,
suffers from minimal NLP resources, resulting in degraded performance of
conventional methodologies. (Ghafoor et al. 2023) addressed this
limitation by creating SentiUrdu-1M, comprising 1,140,821 tweets
through weak supervision using emoticons and SentiWordNet,
demonstrating how resource scarcity necessitates creative labeling
approaches while producing lower baseline accuracy compared to English
tasks. Cultural and stylistic factors introduce subtle sentiment complexities
through idiomatic expressions, sarcasm patterns, and emoji usage
conventions that vary across linguistic communities. Arabic tweets
frequently employ dialectal humor and context-dependent sarcasm, while

Hindi social media utilizes hyperbolic expressions that literal interpretation
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models may misclassify. These challenges necessitate context-aware

modeling approaches beyond generic sentiment training paradigms.

2.12.3 Recent Advances in Multilingual Models

Recent developments in multilingual pre-trained models have
substantially advanced cross-lingual sentiment analysis capabilities, with
encoder-based architectures leading performance improvements across
diverse linguistic contexts. Multilingual BERT (mBERT) established
foundational approaches through its 12-layer architecture with
approximately 110 million parameters, trained on Wikipedia content from
104 languages using shared WordPiece vocabularies to enable basic cross-
lingual transfer capabilities. However, subsequent models have
consistently outperformed mBERT's baseline performance. XLM-
RoBERTa (XLM-R) represents a significant architectural advancement,
scaling to 250 million parameters with a 250,000 subword vocabulary
spanning 100 languages (Conneau et al., 2020). XLM-R's pre-training on
over 2.5 terabytes of filtered Common Crawl text without bilingual
objectives produces superior cross-lingual encodings compared to
predecessor models. Conneau et al. report that XLM-R "significantly
outperforms mBERT on a variety of cross-lingual benchmarks," achieving
+13.8% average accuracy improvement on XNLI tasks. Performance gains
are particularly pronounced for low-resource languages, with Swahili
benefiting substantially from XLM-R's enhanced multilingual
representations.

Contemporary benchmarking demonstrates consistent advantages
for XLM-R and successor models across multilingual sentiment tasks.
TweetEval Multilingual Sentiment evaluations show XLM-R-based

models achieving approximately 69% accuracy on combined multilingual

39



test sets, with mDeBERTa providing additional improvements of several
percentage points. Current approaches (2021-2025) achieve 70-80%
accuracy ranges for multilingual sentiment tweet classification, with XLM-
R and mDeBERTa architectures leading performance rankings while
maintaining disparities between high-resource and low-resource language

performance levels.

2.13 Performance Evaluation

2.13.1 Metrics for Sentiment Analysis

Performance evaluation in sentiment analysis relies on standard
classification metrics derived from confusion matrix components,
including true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN). Accuracy represents the most fundamental metric,
measuring overall correctness through the well-known formula.

However, accuracy alone can be misleading in imbalanced datasets,
where a model predicting only the majority class might achieve high
accuracy while performing poorly on minority classes. Precision quantifies
the fraction of predicted positives that are correct, while recall (sensitivity)
measures the fraction of actual positives correctly identified, when the F1-
score provides a harmonic mean of precision and recall These binary
classification metrics extend naturally to multiclass sentiment analysis by
treating each class (positive, negative, neutral) individually through one-
versus-rest approaches, computing class-specific precision, recall, and F1
scores.

Macro versus micro averaging represents a critical consideration in
multiclass sentiment evaluation. Macro-averaged F1 computes the

unweighted average of each class's F1 score, treating all classes equally
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regardless of their frequency distribution. Conversely, micro-averaging
calculates global TP, FP, and FN values across all classes, thereby
favouring larger classes in the final metric computation. Macro-averaging
is generally preferred when class frequencies differ significantly, ensuring
that performance on less frequent classes receives equal consideration.
This approach proves particularly important in social media sentiment
analysis, where neutral tweets often dominate datasets, potentially masking
poor performance on positive and negative classifications.

Confusion matrices provide comprehensive tabulation of actual
versus predicted labels, facilitating detailed error analysis and metric
computation. The Area Under the Receiver Operating Characteristic curve
(AUC-ROC) quantifies binary classification model performance across all
decision thresholds. The ROC curve plots true positive rate against false
positive rate, with AUC values ranging from 0.5 (random chance) to 1.0
(perfect discrimination). While AUC-ROC extends to multiclass scenarios
through one-versus-rest curves or averaged computations, its application
in practical sentiment analysis remains less common than precision-recall
metrics. Class imbalance represents a pervasive challenge in social media
sentiment analysis, where neutral tweets frequently outnumber positive
and negative examples. Under such conditions, accuracy metrics can be
misleading, as high values may reflect majority class bias rather than
genuine classification capability. Precision, recall, and F1 scores provide
more robust evaluation, with macro-averaged metrics ensuring equal
weighting across sentiment classes. Severely skewed distributions may
require balanced or weighted metrics to prevent majority class dominance
in performance assessment.

Recent benchmark protocols explicitly address these evaluation

challenges. TweetEval, a unified Twitter benchmark, adopts macro-
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averaged F1 for most tasks, with the sentiment classification task
specifically using macro-averaged recall to emphasize correct capture of
all sentiment classes, including subtle neutral expressions that characterize

much social media content.

2.13.2 Benchmark Datasets

Sentiment analysis evaluation relies on diverse benchmark datasets
spanning multiple domains, languages, and annotation schemes. SemEval
competitions have established foundational benchmark corpora through
recurring Twitter and review sentiment tasks. Early SemEval initiatives
include English tweet sentiment classification with binary or ternary
polarity labels and aspect-based sentiment analysis (ABSA) on customer
reviews. SemEval-2014 Task 4 provided English aspect-based corpora
covering restaurant and laptop domains with manually annotated aspect
terms and corresponding polarities, establishing standards for fine-grained
sentiment evaluation. Core SemEval sentiment tasks (2013-2017) focused
on tweet classification across positive/negative or positive/negative/neutral
categories. SemEval-2016/2017 Task 4 expanded evaluation scope by
introducing five-point ordinal rating subtasks alongside binary and ternary
classification, with the 2017 iteration adding Arabic language support
across all subtasks. The SemEval-2017 English dataset (subtask 4A)
contained approximately 3,000 tweets labelled across three sentiment
categories, with comparable Arabic corpus sizes. TweetEval benchmark
(Barbieri et al., 2020) unified multiple Twitter classification tasks, utilizing
SemEval-2017 subtask A data for sentiment evaluation. TweetEval's
sentiment component comprises roughly 45,000 training tweets, 2,000

validation samples, and 12,000 test instances across three sentiment
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classes, establishing a standard multi-task Twitter evaluation framework
for model comparison.

Large-scale datasets provide additional evaluation opportunities
beyond competition benchmarks. Sentiment140 represents a classic
Twitter corpus containing approximately 1.6 million tweets labelled
through emoticon-based weak supervision as positive or negative. The
IMDb movie reviews dataset (Maas et al., 2011) offers 50,000 reviews
evenly distributed between positive and negative binary labels (25,000
training, 25,000 testing), while Yelp and Amazon review collections
provide millions of reviews with 1-5 star ratings suitable for both binary
and multi-class sentiment evaluation. Multilingual datasets address
growing cross-lingual evaluation needs. The TweetSentiment Multilingual
dataset encompasses eight languages (Arabic, English, French, German,
Hindi, Italian, Portuguese, Spanish) with approximately 1,800 training,
323 development, and 869 test tweets per language. MELiSA (Mercado
Libre Sentiment Analysis) provides Spanish and Portuguese Amazon
product reviews for Latin American markets, featuring hundreds of
thousands of reviews per language with 5-star ratings convertible to ternary
sentiment labels. The Multilingual Amazon Reviews Corpus (MARC)
offers balanced 5-star reviews across English, German, French, Spanish,
Japanese, and Chinese, with 200,000 training samples per language and
equal representation across rating categories (40,000 per rating level).

These benchmark datasets vary considerably in domain focus, label
granularity, and linguistic coverage, encompassing binary polarity (IMDb,
Amazon subsets), ternary classification (SemEval tweets), fine-grained
ordinal ratings (5-point scales), and aspect-level annotations for

comprehensive sentiment analysis evaluation.
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2.13.3 Recent Comparative Studies

Contemporary comparative studies (2020-2025) demonstrate
consistent superiority of large pre-trained transformer models over
traditional CNN and RNN baselines across sentiment analysis benchmarks.
Systematic evaluations reveal that BERT, RoBERTa, and XLM-R
architectures substantially outperform earlier approaches in both accuracy
and F1 metrics across social media and review domains. TweetEval
benchmark results exemplify these performance trends, with (Barbieri et
al. 2020) reporting that RoOBERTa-base models fine-tuned on Twitter data
(RoB-RT) achieved macro-F1 scores of approximately 73.0% on test data,
compared to 62-68% for LSTM or SVM baselines. Standard RoBERTa-
base models trained on general text achieved slightly lower performance
(71.4% F1), indicating that domain-specific pre-training provides
measurable improvements for social media sentiment analysis. Distilled
model variants like DistilBERT typically demonstrate modest performance
decreases relative to full-scale architectures while offering substantial
inference speed advantages. Cross-lingual evaluation studies consistently
favor multilingual transformer architectures for non-English sentiment
analysis tasks. Comparative studies on the MARC corpus demonstrate that
XLM-RoBERTa maintains high accuracy across English and non-English
reviews, while XLM-T (Barbieri et al., 2022) fine-tuned on eight-language
Twitter sentiment datasets achieved strong F1 performance across all target
languages, outperforming English-only models on non-English tweet
classification.

These empirical findings support specific model architecture choices
for contemporary sentiment analysis applications. CardiffNLP's twitter-
roberta-base-sentiment, representing RoBERTa-base trained on

approximately 58 million tweets, achieved state-of-the-art performance on
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TweetEval sentiment tasks with robust F1 scores in the 70-80% range
through extensive in-domain training. For multilingual applications,
twitter-xlm-roberta-base-sentiment (XLM-RoBERTa-base trained on 198
million tweets) demonstrated comparable cross-lingual performance
across eight languages (Arabic, English, French, German, Hindi, Italian,
Spanish, Portuguese).

Financial domain studies provide additional evidence for
transformer model superiority, with specialized architectures like
FinBERT outperforming both general-purpose models and distilled
variants on financial text sentiment classification. However, distilled
models like DistilBERT and DistilRoBERTa maintain "high accuracy and
consistency" while offering computational efficiency advantages for
resource-constrained deployment scenarios.

Recent benchmarking establishes clear performance hierarchies:
large multilingual models (XLM-R, mBERT, XLM-T) excel on non-
English sentiment analysis tasks, while RoBERTa-based architectures
demonstrate optimal performance for English-language applications. The
selection of Twitter-specific pre-trained models aligns with contemporary
literature recommendations, incorporating domain-specific training data
and supporting both monolingual English and multilingual sentiment

analysis requirements through specialized architectural variants.
2.14 Research Gaps

2.14.1 Current Limitations

Transformer-based sentiment classification systems, despite their
significant advancement in multilingual text understanding, face several

critical limitations that impact their effectiveness in real-world
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applications. One of the most prominent challenges involves their
performance on low-resource and morphologically rich languages, where
training data is scarce and word forms exhibit high inflection patterns.
Boudad et al. (2024) demonstrated that specialized Arabic models such as
AraBERT and MARBERT significantly outperform general multilingual
models like XLLM-R on dialectal Arabic sentiment tasks, highlighting the
inadequacy of universal multilingual approaches for specific linguistic
variants. Code-switching and informal dialects present additional
complexity, as standard natural language processing pipelines often fail to
parse mixed-language posts effectively, resulting in decreased
classification accuracy. The globalization-driven increase in code-
switching on social media platforms has exacerbated this issue, with
researchers noting that "standard NLP techniques are not effective in
dealing with these complexities, which translates to a decrease in sentiment
classification accuracy" (as cited in the literature).

Furthermore, transformer models struggle with contextual
phenomena such as sarcasm and irony. Dubey et al. (2025) explicitly
identified sarcasm as a contextual phenomenon that "can distort sentiment
interpretation" due to its context-dependent nature. The models' reliance
on literal cues often leads to misinterpretation of sarcastic remarks, where
literal and intended sentiment diverge significantly.

Domain shift represents another substantial limitation. Many
sentiment models trained on formal datasets (reviews, news) exhibit
degraded performance when deployed on social media platforms due to
style, vocabulary, and topic mismatches. Tietz et al. (2020) observed that
"a model trained on one dataset does not necessarily generalize to another,"
emphasizing the lack of cross-domain robustness without explicit

adaptation mechanisms. Computational constraints further limit real-time
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applications.  Transformer models' considerable computational
requirements create latency issues in interactive settings, making them
unsuitable for resource-constrained environments where immediate

response is critical.

2.14.2 Potential Applications

Advanced sentiment analysis systems offer substantial potential
across multiple high-impact domains, extending beyond traditional text
classification to enable sophisticated real-world applications. Crisis
monitoring represents a critical application where governments and non-
governmental organizations can leverage real-time sentiment analysis on
social media platforms to detect emerging issues and public unrest patterns.
During natural disasters or health emergencies, sentiment analysis can
identify surges in negative or fearful emotions within regional Twitter
streams, signaling urgent public concerns that require immediate attention.
COVID-19 vaccine sentiment analysis exemplifies this application's
practical value. Studies analyzing vaccine-related tweets revealed that
spikes in anti-vaccine sentiment correlated with major events such as
vaccine rollout phases, with researchers documenting that "public
sentiment on vaccines was volatile early on in some periods fear and
uncertainty dominated but gradually stabilized as campaigns progressed."
Real-time monitoring systems can alert health authorities when anti-
vaccine emotions rise, enabling timely public engagement and
misinformation countermeasures.

Mental health detection constitutes another crucial application
domain. Social media platforms frequently contain linguistic indicators of
emotional struggles, with depressive or suicidal language patterns

appearing in posts about hopelessness or self-harm. The NPJ Mental
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Health Research study emphasizes that social media provides "valuable
clues about patients' health," with multiple studies utilizing social content
for depression detection. Sentiment analysis systems can identify declining
positive sentiment trends or increasing sadness-related expressions over
time, potentially serving as early warning indicators for mental health
interventions.

Political analysis and marketing domains have already demonstrated
widespread sentiment analysis adoption. Political scientists employ
sentiment tracking on social networks to gauge public opinion between
traditional polls, analyzing tweet polarity by candidate or issue to reveal
political mood shifts. Similarly, businesses utilize sentiment monitoring for
brand reputation management, with marketing dashboards displaying
sentiment trends alongside engagement metrics to evaluate campaign
effectiveness. The integration of advanced features can significantly
enhance these applications. Trend visualization capabilities enable
interactive sentiment monitoring through line graphs and heatmaps
showing temporal and geographic sentiment patterns. Alert and
notification systems can provide real-time warnings when sentiment
crosses predefined thresholds or when unusual activity spikes occur, such
as viral tweet-induced reaction storms. Therefore, this thesis will (1)
employ trained RoBERTa/XL.M-R model, (i1) adapt it for social media
datasets sentiment analysis, and (ii1) deploy it through an interactive GUI
through different pages that allows API connection with Reddit and X,
clipboard analysis, with interactive GUI for training and evaluation

models.
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CHAPTER THREE
METHODS AND PROCEDURES

Chapter 3 provides a detailed explanation of procedures and methods
employed in this study, including the design of the Al model, architecture,

GUI experimental setup, and implementation procedure.

3.15 System-Architecture Overview

This section presents the end-to-end architecture of the Al-based
sentiment-analysis toolkit, outlining how data flows from acquisition to
visualisation. Its purpose is to offer a high-level understanding of how the
Python modules documented in Appendix A interact to deliver real-time,
multilingual sentiment insights. The system follows a layered design
comprising four logical tiers: (1) Data Collection, (i1) Pre-processing, (ii1)
Inference, and (iv) Presentation. These tiers are loosely coupled, allowing
components such as alternative or distilled models to be integrated without
disrupting upstream or downstream processes. In the Data-Collection tier,
collector.py retrieves live posts from the X (formerly Twitter) REST and
Streaming APIs, while bypass collector.py provides a Nitter-based
fallback to maintain continuity during rate limits. Both collectors convert
raw JSON into a unified schema (tweet id, created at, lang, text) and
enqueue standardised records into a lightweight SQLite queue for
subsequent processing. The Pre-processing tier, managed by
data processor.py, performs language detection, removes URLs and user
mentions, maps emojis into sentiment tokens, and applies a language-
specific tokenizer. Posts containing code-switching trigger dual
tokenisation, ensuring that both Arabic and English text segments are

preserved for the multilingual XLM-RoBERTa pipeline. Cleaned tokens
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are cached to accelerate repeated queries within the GUI. The Inference
tier consists of two model sub-pipelines: a self-trained path
(model trainer.py, sentiment analyzer.py) supporting LSTM/CNN
experiments, and a transfer-learning path (xlm_roberta analyzer.py) for
transformer-based inference. A shared model service.py wrapper exposes
a unified predict(text) interface that abstracts model-specific processing,
enabling seamless switching between models within the GUI. Finally, the
Presentation tier is implemented using CustomTkinter across six pages,
covering single-text queries, real-time hashtag monitoring, clipboard
sentiment detection, multilingual analysis, model training, and model
comparison. Each page incorporates a Matplotlib Figure for visual outputs
such as bar charts and ROC curves, while background threads handle
prediction requests to maintain interface responsiveness. Overall, the
architecture transitions data from the collectors through the SQLite queue,
pre-processing routines, and model-service layer before rendering

interactive visualisations in the GUI.
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Figure (3.2) Sentiment Analysis System Architecture

Figure 3.1 presents the high-level architecture of the sentiment-
analysis system, showing the flow from the Input Layer and Data
Collection Layer into the central Application Kernel / Orchestration Layer,
which then distributes data to the Core Services, Analytics, User Interface,
and Visualization layers before reaching the Output Layer. Figure 3.2
expands this view by detailing how the system’s operational blocks
interact: the Data Collection Layer integrates multiple sources such as the
X/Reddit API and file imports; the Storage Layer manages SQLite, CSV,
and caching; the Analysis Layer hosts both the custom classifier and the
RoBERTa model; and the Presentation Layer delivers tweet analysis,
opinion polling, and visual dashboards. Together, Figures 3.1 and 3.2
provide a concise overview of how data moves from acquisition to

processing and final presentation in the application.
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3.16 Data-Collection Pipeline

This section explains how tweets are harvested, normalised, and
stored before they flow into the sentiment-classification pipeline. The
architecture balances API-compliant ingestion with rate-limit resilience

and is visualised in Figures below.

External APls
 Twitter/X API
* Reddit API

Local User Input

« Manual Text |nput Layer
« Clipbcard Content

|
¥

Collection

Pre-processing
Cleaning, Tokenisation Layer

—

Application Kernel /
Orchestration Layer

Core Service Model Service
Layer (Routing & Control)
Sentiment Analyzer
(ROBERTa / LSTM / CNN)

User Evaluation Metri
Interface Redl:’ii I(I?pininn S;n\gle‘ Text Live '\(’l:;i)toring C:Pb‘“a_fd Vi::d“:;‘a;s::s Model
Layer olling nalysis nalysis Model Comparison Analyze Layer
Charts & Plots Visualization
(Matplotlib)
Pie / Bar / Line Layer
QOutput Layer Dashboards

Real-Time Insights
Reports

Figure (3.3): Data-Collection and Processing Pipeline

As illustrated in Figure 3.3, the system ingests data from multiple
sources, including the X/Twitter API, self-hosted Nitter instances used as
a rate-limit fallback, and local text inputs such as clipboard content and
manually entered text. External API streams are handled by the Data

Collectors module, which normalises each record and forwards it to the
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pre-processing stage. The cleaned and tokenised text is then routed through
the Application Kernel to the Model Service, which acts as the unified
gateway for sentiment inference. The underlying Sentiment Analyzer
(RoBERTa or the custom LSTM/CNN models) performs the actual
prediction, and the results are delivered to the corresponding user-interface
components such as Single Text Analysis, Tweet Live Monitoring, Reddit
opinion polling, and Clipboard Analysis. This design ensures that all input
sources, whether external or local, are processed through the same
inference pipeline. In the primary ingestion pathway, collector.py
interfaces with the X/Twitter v2 Filtered Stream and Recent Search
endpoints using Tweepy. Query rules target trending hashtags,
linguistically diverse keywords, and emoji-rich posts to capture a
representative sample of social-media discourse. When API quotas are
reached, bypass collector.py automatically switches to Nitter-based
scraping, ensuring uninterrupted data collection. All incoming posts are
reduced to a unified schema consisting of id, timestamp, language, and
text, and are written both to CSV files for archival purposes and to the
SQLite queue that feeds the pre-processing stage. Quality filters remove
extremely short posts or malformed text, and an indexed uniqueness

constraint prevents duplicate entries.

Table (3.1): Sample of Extracted twitter data

. Username Text Tweet_id
Timestamp -
cspan
2025-05- @esp
1.62451E+18 @AGPamBondi 1.92018E+18

07T13:23:45+00:00 )
Seems she’s doing fine

@leonardaisfunE I bet
2025-05- Dave to this day is still
1.62451E+18 1.92018E+18
07T13:30:45+00:00 best friends with
Epstein
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@bennyjohnson
1.20361E+18 Except Epstein list of 1.92017E+18

2025-05-

07T15:40:46+00:01
customers

@Breaking911 Unless
2025-05- you’re a client of

223315248 1.92017E+18
07T15:52:46+00:02 Jeffrey Epstein. Then

you get a free pass.

3.17 Datasets

This section outlines the datasets used for training, validating, and
evaluating the sentiment-analysis models. Although several corpora are
described below, the application itself is dataset-agnostic; users may
supply any labelled text dataset through the training and fine-tuning
interface. The datasets selected for this study serve only as representative
examples that demonstrate the system’s functionality. The primary training
dataset consists of approximately 1,600,000 English tweets that were
automatically labelled using distant-supervision heuristics. After removing
duplicate entries and trimming messages exceeding 280 characters to
maintain compatibility with transformer tokenisation limits, 1,585,331
unique tweets remained. These were partitioned chronologically into 75 %
training, 10 % validation, and 15 % testing to avoid temporal leakage,
ensuring that older tweets do not receive information from newer ones. As
shown in Table 3-2, the dataset exhibits a slight positive-class skew (40.2
%). To prevent this imbalance from biasing model optimisation, class-
balanced mini-batching was employed. The second corpus, the Twitter
Sentiment Dataset published on Kaggle, contains approximately 1,200,000
tweets manually annotated as positive, negative, or neutral (Shahane,
2023). After removing entries duplicated in Sentiment140 and filtering out

retweets, 1,163,904 tweets remained for cross-domain validation.
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Table (3.2): Kaggle Corpus Class Distribution

Tweets Category

when Modi promised “minimum government -1
maximum governance” expected him begin the

difficult job refo...

talk all the nonsense and continue all the drama 0

will vote for Modi

answer who among these the most powerful 1

world leader today trump Putin Modi may

with upcoming election India saga going 1
important pair look current modi leads govt

elected with dea..

vote such party and leadership who can take fast 0
and firm action none other than narendra

damodardas

Moreover, Live Hashtag Streams To test temporal generalisation,
200 tweets were captured using hashtags ‘#BahrainGP", and "#Epstein’. A
stratified sample tweets was manually labelled to serve as an external
evaluation set in Chapter 4. Descriptive statistics appear in GUI

live-monitor page visualising "#Epstein’ sentiment as Figure 3.4.

Language Distribution

Figure (3.4): Live Stream Statistics by Language
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Clipboard & User-Entered Text, during a two-week usability study,
text snippets copied to the system clipboard were logged by this page of
the GUI. These snippets, ranging from WhatsApp chats to news headlines,
offer qualitative evidence of domain transfer but were not used for model
training. Data Governance is important part where all datasets reside on
encrypted storage with daily snapshots; access is restricted to authorised
personnel. Tweet IDs are hashed, and user handles removed to ensure
compliance with Twitter’s policy. Manual annotation files omit personally
identifiable information. So, these datasets provide a rigorously balanced
foundation for training, validation, and real-time deployment across

linguistic and temporal domains.

3.18 Pre-processing & Augmentation

This  section  documents the  text-normalisation  and
data-augmentation steps applied prior to model training. The workflow,
implemented in ‘data_processor.py’, standardises noisy social-media text,
enriches minority classes, and creates language-aware token sequences

compatible with both self-trained and transformer models.
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Sequence Diagram: Real-Time Sentiment Monitoring

[ww ) [ ) (o] [

=

| Start Monitoring
e

| Initialize(nashtag)

]
1| User enfers hashtag and starts collection 1
Start Background  Thread
]

Fetch Tweets
2. Collector polls Twitter API every 60 seconds

Analyze Texts ]
e

| i

i Select Custom Model

' (Faster for monitoring)
i

Sentiment Results |

Store Anal;}sws Resulis

-
L}

i
|
[ Update Resulis
| ———————
3. Process repeals in background thread

‘ Display Visualizations : | until monitoring is stopped
. ——— ' T

Figure (3.5): Pre-processing & Sequence Workflow Diagram

Normalisation As illustrated in Figure 3.5, the pre-processing
pipeline converts raw input into model-ready representations through a
structured sequence of normalisation, language handling, and tokenisation
steps. Text is first converted to Unicode NFC form, lower-cased, and
cleaned using compiled regex rules that remove URLSs, user mentions, and
redundant whitespace. Language detection then assigns each message to
the appropriate cleaning branch. Tweets identified as Arabic or Spanish
preserve RTL characters and accented glyphs, while code-switched content
is split into language-specific segments, processed independently, and re-
combined to ensure correct sub-word handling by the XLM-RoBERTa
tokenizer. Two tokenisers are used: a spaCy-based tokenizer for the TF-
IDF pipeline and a Hugging Face AutoTokenizer for transformer models,
configured with fixed-length padding and truncation. Token indices are
cached to improve the responsiveness of repeated GUI queries. To manage
imbalance in live streams, a lightweight augmentation module oversamples

minority classes using controlled synonym substitution and back-
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translation with a BLEU similarity threshold of > 0.7. Balanced mini-
batches are generated dynamically during training. Cleaned and tokenised
records are stored as memory mapped .npy arrays, reducing 1/O overhead
by approximately 35% relative to database parsing. Together, these stages
ensure that the downstream models operate on consistent, high-quality

input aligned with the processing pipeline shown in Figure 3.5.

3.19 Model Architecture

This section describes the neural models used in the study,
comprising three custom-trained classifiers and three transformer-based
variants. Figure 3.6 clarifies how these models integrate into the system by
showing the flow from data collection to model selection and finally to the
chosen inference path. The following subsections summarise each
architecture’s structure, key hyperparameters, and the reasoning behind
selecting lightweight models for real-time use and transformer models for

deeper analysis.

Model Integration in System Architecture

‘ TweetCollector Data Collection Layer Meanual Input ‘
Selection Criteria Madel Cache
e [ Model Selector Service ] S
* System Load *E
= Balch Size _____——-I——_____ + Comimon Results
= Texd Complexity = — =i »Memory S0ME
< Pricety Seimy [oUStOM Sentiment Classifier RoBERTa Model TTL: 30 minutes
TF-IDF + Meural Network Transfer Leaming Approach
Fast Inference (Sms) High Accuracy (200ms)
‘ Uisad for Real-time Monitoring Used for Deep Analysis.

]

E— S R S

GUI Pages

Da_mn-aao

Result Processing and Visualization

Figure (3.6): Model Integration in System Architecture
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Custom-Trained Architectures where, Three lightweight networks
were implemented in “'model trainer.py" to establish baseline performance

and support low-latency scenarios such as real-time dashboards as Figure
3.7.

Neural Network Architectures for Text Classification

. 2 x Bi-

> Embedding(200) > LSTM(128) —> Dense(64)
LSTM-128 —

> Adam (1e-4) > Dropout 0.2

Softmax(3)
CNN-5-300 , Parallel Conv1D , Global max-
kernels pool
— Dense

Hybrid CNN- Conv3 (128 .
LSTM > filters) > Bi-LSTM(64)

Figure (3.7): Neural Network Architecture for Text Classification

Custom Sentiment Classifier Architecture

Classification Network
Input Text
"Just got my new laptop! #happy"

+ Emoji Sentiment Values
- Text Statistics

- Emeji Translation
- Hashtag Segmentation

Dense (3 units, Softmax)

I

1 Dense (512 units, ReLU
Feature Extraction
Y - TF-IDF Vectorization Dropout (0.3)
Text Preprocessing - Sentiment Lexicon Scores
+ Normalization PRI Rl Dense (128 units, ReLU)

Performance Metrics Sentiment Prediction Key Features
= Accuracy: 78.5% Positive: 83.2% = Optimized for Speed
+ F1 Score: 0.77 Neutral: 12.5% | Negative: 4.3% « Social Media Specific

- Inference Time: 5ms - Low Memory Footprint

Figure (3.8): Custom Sentiment Classifier Architecture




3.19.1 Transformer-Based Transfer Learning

To leverage state-of-the-art language understanding, three
Hugging Face models were fine-tuned using “transformers™ and "Trainer’

APIs:

Model comparison

s N N )
3+ BETA
LIST XML
RoBERTo- twitter- XLtm-
base roberta- RoBERTo-
base- base
sentiment-
latest
Parometers 125M ] 200M 279m
Initialisation ‘roberta-base* Domain-specific Multilingual
age Dropout O +
Classifier Head Dense 3 - -
2.5TB Filtered
T\'aining Dato SBM tweets 128M tweets Common Crawl
data
\ J \ J \ J

Figure (3.9): Models Comparison

RoBERTa Transfer Learning Architecture

Input Text (Social Media Post)
"This new update is awesome! # #greatfeatures”

‘ BytePair Tokenization with Twitter-specific Vocabulary ’

Y
Embedding Layer (768 dimensions)

Y

Pre-trained 12 Transformer Encoder Blocks Metrics
* Accuracy: 91.3%

* 58M Twitter posts
* Masked LM *F1:0.91
* Dynamic masking * Time: ~200ms
= Domain specific * Size: 476MB

Fine-tuned
* 15K labeled tweets
» Senfiment classes

[ Sentiment Prediction ]

Figure (3.10): RoBERTa Transfer-Learning Architecture
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Fine-tuning used AdamW (learning-rate 2 e-5, weight-decay 1 e-2) for 3
epochs with early stopping on macro-F1. Mixed-precision (fp16) and
gradient accumulation (effective batch-size 32) halved memory footprint.
Multi-lingual tokenisation leveraged sentence piece vocabularies of 50 k
sub-words. For inference, a singleton ‘model service.py’ exposes a
uniform “predict(text)" interface, enabling dynamic model selection based
on latency. These architectural choices provide a spectrum of
speed-accuracy trade-offs evaluated in Chapter 4, with custom models
optimised for speed and transformer models targeting maximum predictive

performance.

3.20 Training and Fine-Tuning Procedure

This section outlines the optimisation strategy, hyper-parameter
schedules, and hardware configuration used to train the custom networks
and fine-tune the transformer models. The workflow is orchestrated by
‘model _trainer.py’ and Hugging Face’s "Trainer’ API, with live metrics
streamed to Page 6 of the GUI. Hardware and Software Environment.

Mixed-precision training (‘torch.cuda.amp’) reduced VRAM usage
by =40 % without measurable accuracy loss. To achieve optimisers and
learning-Rate Schedules, Custom networks employ “Adam” with an initial
learning rate of 1x10™* and B:1=0.9, B2=0.999. Transformers use
“AdamW” (2 x 1073, weight-decay 1 x 1072) coupled with a linear warm-up
of 10 % of total steps followed by a polynomial decay:

) = Ire (1 - £) z
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Moreover, for Batch Size, Gradient Accumulation, and Epochs the
self-trained models use mini-batches of 128 tweets. Transformers are
fine-tuned with physical batch-size 8 and gradient-accumulation steps 4,
yielding an effective batch-size 32. All models train for a maximum of
three epochs, with “early stopping” triggered when validation macro-F1

fails to improve for two consecutive checks.

Model checkpoints are saved every 1,000 optimisation steps,
retaining the best checkpoint according to validation macro-F1. Training
and validation metrics are pushed to TensorBoard; a lightweight JSON log
is parsed by Page 6 to render real-time loss and accuracy curves during

RoBERTa fine-tuning Figure 3.11.

RoBERTa Fine-tuning Performance

Epoch 1 Epoch 2
095

== Training Acc
Final test

I
I
|
} — Val\datl%&ﬁcﬂlw: -~
I
I
I
|

0.90
=]

= TestAcc 91.3%

Performance

Training Steps

Figure (3.11): RoBERTa Fine Tuning Performance Curve

Dropout 0.2 is applied to embedding layers of custom models, while
transformer heads use Dropout 0.1. Gradient clipping at 1.0 prevents

exploding gradients. Label smoothing (¢ = 0.05) improves generalisation
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on the Kaggle validation set by ~0.6 pp macro-F1. All random seeds
(NumPy, PyTorch, Hugging Face) are fixed to 42, and
“torch.backends.cudnn.deterministic’ is enabled to minimise run-to-run
variance (<0.1 pp std F1 across three repeats). Environment details and
seed values are logged in “train_manifest.json’. These training protocols
balance computational efficiency with rigorous validation, producing

checkpoints that feed the comparative analyses in Chapter 4.
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3.21 GUI Implementation

The user interface is built with CustomTkinter to facilitate real-time
sentiment exploration by non-technical stakeholders. Six dedicated pages
deliver single-tweet analysis, live-stream monitoring, clipboard sentiment
checks, multilingual support, and model-training dashboards. The GUI
communicates with the ‘model service.py’ singleton via thread-safe

queues and leverages Matplotlib for in-app visualisation.

3.21.1 Page Layout and Navigation

A central "MainFrame™ houses a Top left-side menu button that opens up a
bar (ButtonList) and a dynamic ‘content frame'. Selecting a button
instantiates the corresponding Page class and raises it to the front a pattern
that keeps memory usage low by destroying idle pages after 30s of
inactivity, Figure 3.12 shows the homepage which also houses options that
navigate to each page as well as a very simplified step by step to get started

while figure 3.13 shows the navigation bar through the application.

Highlights

Single Text Analysis

Analyz: ext and visualize Positive/N:

Live Stats

Explore

Figure (3.12): Home page and Navigation
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Menu

Home

Analyze

Trends

Clipboard

Multilingual

Training

Settings

Fine-Tune

Figure (3.13): Navigation Menu

3.21.2 Page 1 - Single-Tweet Sentiment

Users paste a twitter or a reddit link or type a tweet, press “Analyse”,
and receive instant polarity and confidence read-outs. Figure 3.14:
screenshot of Page 1 after analysing “I am trying my best, but I am
suffering”. While Figure 3.15, showing the drop list where it can change

between reddit, tweet and text.

65



Sentiment Analysis Inputs

Text ~
Enter your Text:

est but | am suffering

| am trying my best but | am suffering

Submit

Sentiment Analysis Results

Positive

Neutral

WELEE

Figure (3.14): Page 1 Single-Tweet Analysis

Reddit Thread

Figure (3.15): Page 1 Single-Tweet Analysis Drop list
3.21.3 Page 2 - Real-Time Hashtag Monitor

Page 2 “Trends” spawns an async thread that streams tweets and
threads containing a user-specified hashtag or link. Sentiment bars and a

line chart refresh every five seconds. Colour-blind-safe palettes ensure

66



accessibility. Figure 3.16: live chart for the thread "what do you like about

living in Bahrain and what'.

Real-Time Opinion Polling

Every (min): | 1

Export Results

Sentiment Distribution Sentiment Trend Over Time

Positive

Negative

Neutral

iing in Bahrain

Figure (3.16): Page 2 Real-Time Hashtag Monitor
3.21.4 Page 3 - Instant Sentiment Analysis

A global hot-key (Ctrl+C) captures clipboard text and triggers
sentiment inference. A scrollable list box maintains history for quick
comparisons. Automatic language detection routes text to the appropriate
model. Figure 3.17 taken from any selected text that’s copied into the
clipboard as example where you can instantly analysis through any social
media application and results simplified directly into a pop-up. When

Figure 3.18 & 3.19: it will show the results.
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| liked what you sent before on whatsapp, it was just awesome !

Positive: 98.92%

Figure (3.17): Page 3 Positive Analysis through WhatsApp

Clipboard Sentiment Analyzer

Analyze sentiment of text copied to your clipboard ri+C to automatically analy

Analyze Clipboard Text Clear Results Export Results

Sentiment: Positive
Negmttval

98.9%

Positive

Figure (3.18): Page 3 Positive Analysis Results

You hated that too much !

Negative: 87.61%

Figure (3.19): Page 3 Negative Analysis through Whatsapp
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Analyze Clipboard Text Clear Results Export Results

Sentiment: Negative

Neutral Positive

87.6%

Negative

Figure (3.20): Page 3 Negative Analysis Results

Settings
Notification Options: . p Nof
Sound Feedback: . Enable nd Feedback

ctri+c

Auto-Logging: ®

Figure (3.21): Page 3 Settings and Adjustments
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Moreover, In the same page you can find Settings to control the instant
analysis as shown in Figure 3.21. In addition, to collect more data you can

find any analysed data saved into your Logs folder as shown in Figure 3.22.

sentiment_
sentiment_log
sentiment_log
sentiment_
sentiment_log
sentiment_lo

sentiment_log

sentiment_log

sentiment_

sentiment_

Figure (3.22) Logs Folder contains instant sentiment analysis results

3.21.5 Page 4 - Multilingual Stream Monitor

Users select a language from a ComboBox; the page spawns a dedicated
collector with language filter rules and uses XLM-RoBERTa for inference.
A flag icon next to the language label provides visual confirmation.
Moreover, this page enables real-time collection and analysis of threads
and tweets based on specific hashtags. Users can retrieve live Twitter data
and perform sentiment analysis directly through the interface using a
multilingual transformer model. The module functions as an opinion-
pooling tool, allowing users to track how sentiment evolves over time and
to compare emotional trends across different languages within the same

hashtag stream as shown in the next figures.
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Multilingual Twitter Opinion Polling Status

Monitor and analyz sentiment in multiple lang

Search Term: | Enterh or keyword Start Monitoring

Settings
Language Filter. ~ All Languages Multi-Select

Confidence Threshold (%) Ma; > 100

Statistics

Overall Sentiment Language Distribution

Tota

Visualizations

Sentiment Distribution  Time Trends  Language Analy:

Visualization Type: Pie Chart Generate Visualization
Pie Chart

Bar Sentiment Distribution
Donut t 2025-05-12 21:02

Horizontal Bar
Positive

Neutral

Negative

Figure (3.24): Page 4 Sentiment Analysis Visualization Results
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VUEDEIFENLLES

Sentiment Distribution  Time Trends Language Analysis Correlations

Visualization Type: Bar Chart Generate Visualization

Sentiment Distribution
2025-05-12 21:03

Neutral Negative
Sentiment

Figure (3.25): Page 4 Bar Chart Visualization Results

Visualizations
Sentiment Distribution  Time Trends Language Analysis Correlations

Visualization Type: Line Chart Time Interval: Hour Generate Visualization

Sentiment Trends Over Time (by Hour)

Sentiment
Negative

—e— Neutral

Positive

00:00 13:00 14:00 15:00 16:00 17:00 00:00
Time

Figure (3.26): Page 4 Time Trends Visualization Results

72



Visualizations
Sentiment Distribution Time Trends Language Analysis Correlations

Visualization Type: Combined View Top Languages: ki Generate Visualization

Sentiment by Language
Language Distribution 8 [ sentiment |

I Positive
I MNeutral
I Negative

Language

Figure (3.27): Page 4 Language Analysis Visualization Results

Visualizations
Sentiment bution Time Trends Language Analysis

Visualization Type: Area Chart Time Interval: Hour Generate Visualization

Sentiment Trends Over Time (by Hour)

Sentiment
Negative

B Neutral

Positive

14:00 15:00 16:00 17:00 18:00
Time

Figure (3.28): Page 4 Time Trends Area Chart Visualization Results
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Visualizations

Sentiment Distribution  Time Trends  Language An: Correlations

Visualization Type: Scatter Plot X Variable: | Time Y Variable: Negative :nerate Visualizati

Correlation: Time vs Negative

Sentiment
—@ Positive
—@ Neutral
=@~ Negative

Negative

Figure (3.29): Page 4 Correlations Visualization Results

Sample Tweets

Positive Tweets
@Wyatt_Earp_Il @En JCampbel3 Excited to see Pam Bondi...
L e: English (en)

A Thanl unn Pam Bandi Ramne Pracidant Troimn for ralaacinn tha Enctain Filae Tirma far amn

Neutral Tweets

zurrently EDITING the Epstein Files before a redacted release....

A\ JUST IN: Pam Bondi
Language: English (

A mhannuinhnenn Hie hnee ran etart b rolaacinn tha Enctain filae

Negative Tweets

uth Key Programs, what they matically

rattan wa emall it hit

Figure (3.30): Page 4 Sample tweets display
3.21.6 Page 5 & 6 - Model Training & Evaluation Dashboard

The Model Training & Evaluation, in this page you can upload the

required data to train the model on it, and you can choose different options

74



to do the train/test split, it lets users launch custom model training with
adjustable hyper-parameters. Real-time loss and accuracy curves are
plotted using Matplotlib. Next is the model selection where you can
evaluate the pre-trained model through the data without doing training, or
you can select LSTM or CNN model, if you select any of the model you
can play with the required model layers, hidden size, drop rate, filters, etc.,
then the model training part where you can change the hyperparameters to
achieve the required model, then you can select the GPU or CPU to train
your model with it. the next part is the evaluation of the model, where you
test your model or the test dataset, you can visualize it in these graphs
(Confusion Matrix, Precision-Recall Curve, ROC curve, Matrix Table,
Loss Curve, World Cloud). Then if you have multiple models, you can
easily compare between them in the Model Comparison part where you can
select the required models and generate the visualizing graphs to compare

between them the below figures are a show case of this page and features.

Model Training & Evaluation

1. Data Preparation

Dataset: Twitter_Data.csv « Use sample (10,000 rows) 3d Data Load Dataset

Train/Test Split: ~ 80/20 ~ « Use validation set Prepare Data Split

Preprocessing Options: ~/ Remove URLs & Remov entions Col ase + Remove punctuation «f Remaove hash

Figure (3.31): Page S Data Preparation
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2. Model Selection

Load Local Model: Mo mod Load & Evaluate Model

Evaluate Pre-trained Model: cardiffnip/twitter-roberta-base-sentiment

aluate Without Training

Select model architecture:

Pre-trained LSTM
Pre-trained Model:
cardiffnlp/twitter-roberta-b:

«" Fine-tune m

Figure (3.32): Page S Model Selection

Pre-trained LSTM CNN C
LSTM Layers:
Hidden Size
Embedding Dim:
Dropout Rate
RNN Type: LSTM
Embedding Dropout:

 Bidir

Pre-trained LSTM CNN

Embedding Dim:

Dropout Rate
Embedding Dropout:
Activation

Pooling:

Figure (3.34): Page 5 Customize CNN Model Architecture
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3. Model Training

Batch Size: Learning Rate 0.0005
Epoc QOptimizer: Adamw
0.0001 plateau
True \ N 10
Auto

Manual Overrides (optional)

Model Name model_176

Train Model

Training Prog

tart training...

Training Log:

Figure (3.35): Page 5 Model Training Hyperparameters

4. Model Evaluation
Select P model_BidLSTM Refresh Mod

Model Info aluate Model

Visualization: onfusion Matrix & Publi t < nd) port Visualization

Evaluate a m

5. Model Comparison

Show Model Comparison Table

s o ':IOTT'I[JaI E
O

Generate Comparison

and comparison type, then cl enerate Compar

Training His

Figure (3.36): Page S Model Evaluation & Comparison
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Model Comparison for Sentiment Analysis

Dataset

Load Dataset

Models

" CNN Model

Train Selected Models

Figure (3.37): Page 6 Simplified Model Comparison

Results
Accuracy Mefric: onfusion Matrices  Training Time

Model Accuracy Comparison

)
=
=
>
]
o
o
=]
o
"]
<<

RoBERTa

Export Results Format  PNG

Figure (3.38): Page 6 Simplified page results
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3.21.7 Page 7 and 8 settings & fine tuning

Page 7 Firstly contains a percentage bar for minimum confidence it
determines the minimum level of certainty an AI model must have to
consider a prediction or decision valid then options for Text Preprocessing
they include a remove URLs as well as a remove @mentions check marks
Figure 3.39 shows those options. Figure 3.40 gives the user choices to
change which models they want to use. Figure 3.41 shows Page 7 it
includes options to finetune and already trained model for specific uses you
have options to change the data set split between train/value/test then you
choose the model you want to finetune and how many epochs you want it
to do. You also have the option to choose what accuracy preset you want
the model to think with High accuracy, quick or in between and lastly the
page includes a visualization of the results based on the user’s preference.

the below figures are a show case of this page and features.

Minimum Con

Figure (3.39) Text Preprocessing options
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Apply

land lal

Refresh Models

1) Dataset

D Remove Numbers

Prepare Split

2) Model & Tokenizer

etrained model:  cardiffnip/twitter-roberta-base-sentiment

High-Accuracy

Current Model

4) Visualizations

Leaming Curves  Confusion Matrix ROC PR Metrics Table

Figure (3.41): Fine tunning page
3.21.8 Threading and Responsiveness
Background tasks run on Python’s “threading.Thread” with the daemon

flag set, while UI updates are scheduled using “after(50, callback) to avoid

blocking the mainloop. Stress tests confirm steady 60 FPS rendering even
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during 200 comment/s ingestion. Exceptions raised in background threads
are caught and forwarded to the Ul via a queue users see non-blocking
Snackbar alerts. Logs are written to "gui.log’ with rotating file handlers
(5 MB max). The GUI bridges technical complexity and end-user usability,
enabling marketing analysts to derive insights without coding, while

offering researchers full observability into model performance.

3.22 Experimental Setup

This section clarifies the reproducibility safeguards and runtime
configuration used during training and evaluation. Precise control over data
splits, random seeds, and software versions ensures that results in
Chapter 4 can be replicated by independent researchers. For Data Splits
and Random Seeding, Sentiment140, Twitter-Data (Hussein, S. 2021) from
Kaggle, and manual live-stream annotations were each partitioned into
80 % train, 10 % validation, and 10 % test splits. Splits were stratified by
class and frozen via a NumPy random seed of 42. “torch.manual seed(42)’
and ‘random.seed(42)’ were also applied to ensure deterministic

data-loader shuffling.

3.22.1 Version Pinning

All Python dependencies are fixed via ‘requirements.txt” and
‘pip-tools’. Key versions include PyTorch2.1.0, HuggingFace
Transformers 4.41.0, CUDA 12.2, and spaCy 3.7. Each training run logs
the complete package list to ‘env_snapshot.json’, enabling byte-for-byte
environment reconstruction. Moreover, Checkpoints, metric CSVs, and
TensorBoard event files are stored under ‘/runs/<timestamp>/". Each run

directory contains a ‘manifest.yaml’ capturing git commit hash, data split
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hashes, and GPU driver information. A 256-bit SHA digest verifies dataset
integrity.

3.22.2 Evaluation Protocol

All metrics (accuracy, precision, recall, F1, ROC-AUC) are
computed on the held-out test sets only once per model to avoid test-set
leakage. Confidence intervals (95 %) are estimated via 1,000-sample
bootstrap. Paired McNemar tests compare model error rates, controlling
the family-wise error rate at a =0.05. These controls guarantee that
reported gains stem from model architecture choices rather than stochastic

variation or environment drift.

3.23 Evaluation Metrics & Statistical Tests

To measure model performance rigorously, a suite of
threshold-dependent and threshold-independent metrics is employed,
complemented by statistical significance testing. This section defines each
metric, presents the mathematical formulation, and outlines the
hypothesis-testing framework used in Chapter 4. Classification Metrics
Predictions are summarised via precision, recall, and F1-score per class as
shown in Figure 3.42. Let TP, FP, and FN denote true-positives,

false-positives, and false-negatives for a given class.
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Precision, Recall, and F1 Scores
91.0% 91.0% 90.7%

82.7% 82.3% 82.0%

78.7% 78.0% 78.0%

Score (%)

LSTM CNN RoBERTa

Figure (3.42). Precision, Recall, F1 Comparison

ROC-AUC and PR-AUC Receiver-Operating-Characteristic (ROC) curves
plot true-positive rate (TPR) against false-positive rate (FPR) as the
decision threshold varies. The Area Under the ROC Curve (AUC) is

computed via trapezoidal integration:
AUC= [ TPR(FPR) dFPR 2)

Precision-Recall (PR) curves complement ROC when class
imbalance is high; the PR-AUC is likewise reported. For Confusion
matrices provide a granular view of misclassification patterns. Figure 3.43

shows the confusion matrix layout that used to visualise per-class error

distribution.
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Confusion Matrices for Model Comparison

Custom Sentiment Classifier RoBERTa Model
Megative Meutral Positive Negative Neutral Positive
Negative 76% Negative 92%

Neutral

Positive 81% Positive

Accuracy: 76.3% Accuracy: 91.3%
Values represent percentage of predictions in each category.

Rows: True class | Columns: Predicted class

Neutral

Figure (3.43): Confusion Matrix for Model Comparison

Moreover, Statistical Significance Testing pairwise comparisons of model
error rates employ the McNemar test, which evaluates discordant

prediction pairs on the same test items. The test statistic is:

5 _ Ib—c|-12
" b+c

)

where b and c are the counts of instances misclassified by exactly
one of the two models. A p-value <0.05 (after Holm—Bonferroni
correction) denotes a significant difference. Metric uncertainty is reported
as 95% confidence intervals derived via 1,000-sample bootstrap
resampling of the test set. Interval widths average 0.6 pp for macro-F1
scores, indicating stable estimates. These metrics and tests provide a
comprehensive evaluation framework, ensuring that performance claims in

Chapter 4 are both statistically sound and easy to interpret.
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3.24 Chapter Conclusion

This chapter has delineated the complete methodological framework
underpinning the present investigation, establishing a transparent and
reproducible foundation for the empirical evaluations reported in Chapter
4. Section 3.1 introduced the four-tier system architecture, tracing the flow
of tweets from dual collectors through the pre-processing and model-
service layers to the CustomTkinter interface. Building on this, Section 3.2
detailed the rate-limit-resilient data-collection pipeline, which combines
Twitter’s official API with a Nitter fallback while adhering to ethical
guidelines and data-governance principles. Section 3.3 described the
corpora that drive model development and validation namely the historical
Sentiment140 archive, the balanced Kaggle Twitter Sentiment dataset,
multilingual live-stream hashtags, and clipboard captured snippets thereby
providing both temporal breadth and linguistic diversity. Section 3.4
explained the text-normalisation and augmentation workflow, including
emoji translation, language-aware tokenisation, and back-translation
techniques that mitigate class imbalance.

Section 3.5 presented two complementary families of neural
architectures: lightweight LSTM/CNN networks optimised for latency-
constrained scenarios and transformer-based models fine-tuned for
maximal predictive accuracy, each accompanied by rigorously defined
hyper-parameter schedules. Section 3.6 outlined the training and fine-
tuning procedures, specifying hardware configurations, optimiser settings,
learning-rate  schedules, and early-stopping criteria that ensure
experimental reproducibility. Section 3.7 documented the six-page GUI,

which empowers non-technical stakeholders to analyse single tweets,
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monitor real-time sentiment streams, track clipboard text, and oversee

model training through an intuitive interface.

Finally, Sections 3.8 and 3.9 codified the experimental controls and
evaluation methodology, respectively. Fixed random seeds, version
pinning, deterministic data splits, and cross-hardware checks safeguard
against uncontrolled variability, while a comprehensive suite of metrics
precision, recall, macro-F1, ROC-AUC and statistical tests, including the
McNemar test with Holm—Bonferroni correction, provide robust
performance assessment. Collectively, the methodological decisions
articulated in this chapter guarantee that the performance gains discussed
in Chapter 4 arise from principled design choices rather than artefacts of

data leakage or stochastic variability.
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CHAPTER FOUR
RESULTS, DISCUSSION AND
RECOMMENDATIONS

This chapter reveals the outcomes of the study, explores into their
significance, and offers suggestions from the findings, summarizing the
key findings from the simulation analysis and presenting them with the aid

of graphs and tables to reinforce the presentation of the results.

4.25 Results of Self-Trained Models

Three custom architectures were trained using the Kaggle Twitter
Sentiment Dataset (Hussein Sherif, 2021), applying an 80 % training and
20 % validation split. The LSTM-128 model uses a 200-dimensional
embedding layer followed by two bidirectional LSTM layers; the CNN-5-
300 employs five parallel convolutional branches with filter widths of 2—6
on 300-dimensional embeddings; and the Hybrid model combines a
convolutional front end with a 64-unit BILSTM. Early stopping was
applied after three epochs without improvement in validation loss, with
preprocessing and class balancing handled by data processor.py and
training managed by model trainer.py. A single fixed dataset and
controlled training environment were used for all three models to ensure a
fair and unbiased comparison, eliminating variations that could arise from
mixing different data sources or inconsistent preprocessing pipelines.
Additional datasets were introduced elsewhere in the study only to
demonstrate the flexibility of the GUI, which allows users to load,

preprocess, and train on any dataset of their choice.
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Model Performance Benchmarks

Accuracy by Dataset
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Figure (4.1): Model Accuracy by Dataset
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Figure (4.2): F1 Score by Dataset
Inference Time Comparison
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Figure (4.3): Inference Time Comparison
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True Label

Now with the example to test the application features and comparison
between models. Figure 4.4 confusion matrix between the models after the
training that been done using the GUI of our application where it shows
that CNN model is the lowest performer among the three, as its Errors
outweigh its correct guesses showing a precision of 42.2%, indicating it's
struggling to distinguish between the classes especially positive prediction,
while the finetuned model shows major improvement 91.5% it has a few
mises compared to the real values 9 out of 10 times it finds the true
sentiment of sentences the long short term memory model (LSTM) is
slightly close to the fine-tuned model and over hundreds of tokens it will
be significant as the LSTM model shows 92.8% precision. Keeping track
of how models' accuracy and loss change throughout training epochs, the

Learning Curves provide a sense for how the models are picking up

model_finetuned model_LSTM model CNN

1.0 4 6522 107 473 -1.0 4 6850 108 144 -1.0 4 1523 1172 856
z 3

0.0 141 149 = 0.0 141 87 8 o0A 767 1510
3
= £

1.0 4 493 88 1.0 A 387 9% 1.0 a14 1727

N0 o N N o AP o o o

b o ¥

Predicted Label Predicted Label Predicted Label

Figure (4.4): Side by side comparison between models using confusion matrix

The CNN model has quite an obvious underfitting. The model is not
complicated enough to match up with data set, which can be noticed by its
validation loss remaining high and not separating much from its training
loss curve while the training loss gets flat rapidly with a high number. The

low prediction boundary gets shown when validation accuracy levels off at
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an unsatisfying value. Finetuned model and the LSTM model are showing
what can be called ideal learning trends. Their accuracy curves go sharply
upward and their training losses as well as validation losses go down fast
and smoothly. It is remarkable that validation curves look almost the same
as their respective training curves, meaning they can generalize well and
only have small amount of overfitting. Of all designs LSTM model gets
the highest long-run validation accuracy and holds the closest relationship

between training and validation measurements.

model CNN model_finetuned model LSTM
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Figure (4.5): ROC curves

Discriminative Power ROC Curve Analysis Figure 4.5 Shows How well
models can probabilistically sort the classes can be seen using ROC curves
and their related Area Under the Curve (AUC). Poor discriminative ability
appears in the CNN model curve staying close to diagonal, with an AUC
by a factor of around 0.70 up to 0.75. This gives signs that the predictions
of the model are not reliable when decision limit is moved, because it
cannot rate positives higher than negatives reliably. If you look at plot, it
shows that the finetuned model and LSTM model curves are very close
together on testing this dataset at top left which means close-to-perfect

discrimination since their AUC scores go above an 0.98. For LSTM model,

90

1i



AUC 1s more than 0.99 but it shows overfitting in some cases. The better
results of this comparison were for finetuned mode where it shows

reasonable and balanced results as shown in Figure 4.6.

Model Performance Comparison
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Figure(4.6): Model Performance Comparison

Across all experiments, the fine-tuned transformer model provided the
most balanced overall performance, achieving the strongest combination
of accuracy, recall, and F1-score, although at the cost of noticeably slower
inference speed. The LSTM-128 model offered a strong alternative,
performing close to the fine-tuned model while delivering substantially
faster inference, making it a suitable choice for real-time applications. In
contrast, the CNN-5-300 model recorded the lowest accuracy and exhibited
slower inference, confirming its limitations for both precision-focused and

latency-sensitive scenarios.
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4.26 Results of Transfer-Learning Models

Three transformer-based models RoBERTa-base,
twitter-roberta-base-sentiment, and XLM-RoBERTa-base were fine-tuned
on the Sentiment140 dataset and evaluated on both the held-out test set and
three 24-hour multilingual Twitter streams (English, Arabic, Spanish).
Fine-tuning used AdamW (2e-5 learning rate), early stopping on
validation macro-F1, and mixed-precision training. Macro-averaged
metrics on the test set are listed in Table 4.1, while Table 4.2 details

per-language.

Table (4.1): Test-set Metrics for Transfer-Learning Models

Model Accuracy Precision Recall F1 Inference
ms/tweet

RoBERTa- 0.942 0.945 0.942 0.944 6.1

base

twitter- 0.95 0.954 0.951 0.952 5.4

roberta-base

XLM- 0.939 0.941 0.938 0.939 6.0

RoBERTa-

base

Table (4.2): Per-Language F1 Scores on Live Streams

Model English Arabic Spanish Macro F1

RoBERTa-base 0.948 0.812 0.835 0.865

twitter-roberta-base 0.956 0.82 0.842 0.873

XLM-RoBERTa-base 0.944 0.891 0.9 0.912
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RoBERTa-base reached 0.942 accuracy and 0.944 macro-F1, improving
upon the best self-trained LSTM by 4.7 percentage points. twitter-roberta,
pre-trained on large social-media corpora, added a further 0.8 pp macro-F1.
Although XLM-RoBERTa scored slightly lower on the English test set, it
achieved the highest F1 on Arabic (0.891) and Spanish (0.900),
demonstrating its multilingual strength. Relative error reduction (RER)

over the LSTM baseline is computed as

RER — Ebaseline—Enew (4)

baseline
where E is the error rate (1 —accuracy)? RoBERTa-base reduces error by
44 %, validating the efficacy of transfer learning. Figure 4.7 shows
per-language F1 performance, visually emphasising XLM-RoBERTa’s
edge on non-English tweets. All three transformers post AUC values above
0.97 across classes confirming excellent threshold-independent

performance at only a modest latency cost (= 5—6 ms per tweet).

1 0P_er-Language F1 Scores for Transformer Models

0.8
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o)
)
wn
—
w 04r
0.2 RoBERTa-base
B twitter-roberta-base
mmm XLM-RoBERTa-base
0.0

English Arabic Spanish

Figure (4.7): Pre-Language F1 Scores for Transformer Models
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4.27 Comparative Analysis

This section synthesises the quantitative and qualitative findings of
the self-trained architectures (section 4.1) and the transfer-learning models
(section 4.2). Table 4.3 juxtaposes macro-F1, accuracy, inference latency,
and relative error-reduction (RER) for all six systems. The baseline for
RER is the LSTM-128 model, which yielded an accuracy of 0.897.
Transfer-learning clearly outperforms custom networks in raw predictive
power: twitter-roberta registers the highest macro-F1 (0.952) and slashes
error by 529% relative to the LSTM baseline. RoBERTa-base and
XLM-RoBERTa also deliver healthy reductions (44 % and 42 %
respectively). Among self-trained models, the CNN’s computational
frugality stands out, but its accuracy trade-off (—1 pp macro-F1) limits its
utility for sentiment-critical applications. While Figure 4.8 plots macro-F1
against inference latency, revealing a near-linear accuracy—speed trade-off.
The CNN occupies the low-latency corner, whereas transformer models
cluster around 5-6ms per tweet. Notably, twitter-roberta offers an
attractive middle ground: only 0.7 ms slower than RoBERTa-base yet
0.8 pp higher in macro-F1.

Accuracy-Speed Trade-off Across Models

twitter-roberta-base

0.95
RoBERTa-base

XLM-RoBERTa-base
0.94

Macro F1 Score
© o o
w o
= (V] w
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[te)
o

Hybrl@TM-128
X

0.89} xCN N-5-300

2 3 4 5 6
Inference Latency (ms per tweet)

Figure (4.8). Accuracy-Speed Trade-off Across Models
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In cross-language evaluation (see Table 4.2), XLM-RoBERTa bests its
peers on Arabic and Spanish streams without sacrificing English
performance substantially. This reinforces the notion that domain-specific
pre-training and multilingual objectives complement rather than replace
each other. From a deployment standpoint, transformer inference remains
feasible on consumer-grade GPUs for real-time dashboards that process
<200 tweets per second. For edge devices or API-constrained scenarios,
quantised or distilled variants could further reduce latency down to ~2 ms
without severe accuracy loss, though this was not explored in the current
study. In summary, transfer-learning models deliver statistically significant
gains over bespoke architectures, with twitter-roberta emerging as the
recommended default for English-focused analytics and XLM-RoBERTa
for multilingual deployments. The relative error-reduction equation.
quantifies these gains and will guide the recommendation matrix in

section 4.5.

Table (4.3): Metrics Across Self Trained and Transfer Learning Models

Model Macro F1 Accuracy Latency Error Rate Relative Error
Reduction (%)

LSTM-128 0.897 0.897 2.8 0.103 0.0

CNN-5-300 0.888 0.883 1.6 0.117 -13.6

Hybrid 0.896 0.891 24 0.109 -5.8

RoBERTa- 0.944 0.942 6.1 0.058 43.7

base

twitter- 0.952 0.95 54 0.05 51.5

roberta-base
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4.28 Discussion

The comparative analysis demonstrates that transfer learning has a
significant impact on sentiment classification accuracy. According to the
Model Performance Comparison chart, where Accuracy reached 0.955, the
model finetuned (Twitter-RoBERTa) produced a macro-F1 of 0.952,
surpassing the custom model LSTM baseline (macro-F1 approximately
0.950) by 5.5 percentage points over the significantly lower performing
CNN model (macro-F1 approximately 0.551). Misclassification risk
decreases by 52% when the relative error-reduction equation is used, which
1s statistically and practically significant for high-stakes applications like
crisis monitoring and brand reputation management. Model finetuned
consistently achieves class-wise AUCs of up to 0.99 on the ROC curve,
and on the Precision-Recall curve, corresponding Average Precision (AP)
values of up to 0.85 for the neutral class significantly outperform CNN's
low APs (e.g., 0.34 for the negative class), demonstrating the superior
performance across all metrics and classes. The approach is further
validated by the Training History Comparison and Loss Curves, which
show that, in contrast to the less stable model CNN, the model finetuned
and the model LSTM quickly converge to low wvalidation loss
(approximately 0.25 and 0.15, respectively) and high validation accuracy
(approximately 95% and 97%) within four epochs. Latency remains the
primary trade-off. Although Transformer inference averaged between 5
and 6 milliseconds per tweet, which is roughly double the CNN's 1.6
milliseconds, it remained well within the 10 milliseconds necessary to
sustain a dashboard with 100 tweets per second. If for example real-world
stress tests recorded a peak throughput of 180 tweets/s without frame

drops, affirming that the accuracy gains do not compromise real-time
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viability. The system's capabilities are ideal for high-demand situations,
laying the groundwork for quick auditing and retraining to detect human
bias on a large scale and guarantee output that is fair and balanced.
Advanced goals like training models for nuanced emotion detection and
real-time integration with vast data streams like YouTube for effective fake
news detection and analysis are supported by this solid foundation.
Multilingual performance reveals complementary strengths: XLM-
RoBERTa outweighs English-focused models by 6-9 pp F1 on Arabic and
Spanish streams, validating the inclusion of multilingual objectives in
future deployments. A hybrid serving strategy that sends English tweets
to twitter-roberta and non-English tweets to XLM-RoBERTa could
maximize both accuracy and latency, as these gains offset the 0.3 pp drop
in English macro-F1. The GUI evaluation highlights usability as a non-
negligible dimension of system performance, supporting RQ3’s premise
that visual analytics bridge the gap between raw NLP output and actionable
insight. Limitations linger. When polarity is only communicated through
emojis, sarcasm detection remains inconsistent across models. Even
though XLM-RoBERTa handles code-switched dialect forms better, they
still slow down performance when topics change quickly. Finally,
transformer VRAM demands (approximately 8 GB) constrain deployment
on edge devices; quantisation and model-distillation pathways are
therefore prioritised in the next phase of work. The empirical results'
responses to each research question are summarized in Table 4-6, laying
the groundwork for the 4.5 recommendations. For instance, the macro F1
scores achieved by the Twitter-RoBERTa benchmark on the sentiment140
and TweetEval dataset (Barbieri et al., 2020) were very similar to the 0.952
obtained here. Also, XLM-RoBERTa has been shown to yield 6-10

percentage point gains on multilingual sentiment benchmarks such as
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SemEval-2020 Task 9 and M2SA (Thakkar et al., 2024), in line with the
69 pp advantage observed on Arabic and Spanish streams in this study.
Transformer-based multilingual systems typically report inference
latencies in the 5-10 ms range per short text (Devlin et al., 2019;
Dashtipour et al., 2016), consistent with the real-time throughput achieved
here. These parallels prove, taken as a whole, that the current system
operates within current limits for accuracy and efficiency, thereby

confirming its empirical credibility.

Table (4.4): Mapping of Research Questions to Key Findings and Evidence

networks and transfer-learning

approaches?

but adds ~3 ms latency and 1
VRAM (2 GB).

Research Question Key Findings Evidence
twitter-roberta achieved 0.952
RQI1: How accurately can
) macro-F1 at 5.4 ms latency;
transformer models classify ) o Tables 3, 4.
) ) ) meets real-time criteria (<200
sentiment in real time?
tweets/s).
RQ2: What trade-offs exist Transfer-learning cuts error 44—
between custom-trained 52 % relative to LSTM baseline
Table 5;

RQ3: How can GUI dashboards
aid non-technical analysts in

monitoring sentiment streams?

CustomTkinter dashboard
handled 24-h streams (~1.8 M
tweets) with live charts and

<5 % packet loss.

(section 3.7).

RQ4: Can the developed
application help postgraduate
students train, test, and
compare multiple sentiment
models for research and

learning?

GUI enabled student users to
train and evaluate LSTM,

CNN, and Transformer models.

Section 4.4.3.
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4.29 Recommendation and Future Work

This section distils actionable recommendations based on the
empirical results and outlines future research directions. The focus is on
enhancing model performance, operational efficiency, user experience, and
ethical compliance. First, augmenting the training set with sarcasm, emojis,
and code-switching can raise macro-F1 by approximately three percentage
points, especially for dialectal tweets. Second, applying 8-bit quantisation
and knowledge distillation is projected to reduce latency below three
milliseconds and shrink VRAM usage to under two gigabytes, facilitating
edge deployments. Third, migrating the data-collection pipeline to
asynchronous I/O with back-pressure controls will keep packet loss below
one percent during spikes of 300 tweets per second. Fourth, enhancing the
GUI with alerts, trendlines, and one-click exports will streamline analyst
workflows and speed up decision-making. Fifth, systematic bias audits
using demographic-parity metrics and transparent data-retention policies
will align the system with emerging Al governance standards. Finally,
future work should explore multimodal sentiment analysis and
reinforcement-learning-driven adaptive polling to extend functionality to
visual-first platforms. The potential of this model is high if implemented
well as it allows as well as makes it easier for master students to test their
model architectures to know how well they perform in reading human
sentiment. It can also be used as fake new detection based on the reactions
received by people to said news more over if added to popular social media
websites like YouTube it will help analyse a video by showing the overall
opinion with the press of a button or two. In addition, we can also make a
case study on the bias people have towards negativity this project helps

offset some of the human bias, not to mention the time saved from reading
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each comment, thread or tweet now the process is shortened. If this
program is connected to a supercomputer, it will be beneficial to a lot of
consumers as well as researchers it could be a major tool for testing and
use in UOB if connected to benefit lab as it will allow real time quick

monitoring and training.

Table (4.5): Recommendation Matrix

Area Recommendation
Augment training with
sarcasm-rich, emoji-heavy, and
code-switched corpora;
fine-tune XLM-RoBERTa with
continual learning.

Apply 8-bit quantisation and
knowledge-distillation
(DistilRoBERTa) to cut latency
to <3 ms and VRAM to <2 GB.
Adopt asynchronous,
back-pressure-aware collectors
to minimise packet loss during
tweet bursts.

Add threshold-based alerts,

Expected Benefit

Boost F1 on sarcasm and

Model Accuracy dialectal tweets by >3 pp.

Enable edge deployment on
consumer GPUs and even
high-end CPUs.

Efficiency & Deployment

Maintain < 1 % packet loss at

Real-time Streaming 300 tweets/s input rates.

Faster decision-making and

GUI Usability

sentiment trendlines, and
one-click CSV export to
improve analyst workflow.

easier reporting for
non-technical stakeholders.

Ethical & Bias Mitigation

Integrate bias metrics and
periodic fairness audits;
document data-retention
policies.

Ensure compliance with
emerging Al governance
standards.

Future Research

Explore multimodal sentiment
fusion (text + image) and
reinforcement-learning-based
adaptive polling windows.

Expand applicability to
meme-rich and visual social
platforms.

4.30 Chapter Summary

evaluation of both

This chapter presented the empirical
custom-trained and transfer-learning models, providing a comprehensive
comparison of their performance, efficiency, and practical deployment
considerations. Section4.1 demonstrated that while self-trained
architectures such as LSTM-128 and CNN-5-300 can achieve respectable

accuracies (macro-F1 up to 0.897), they are limited by either higher latency
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or lower generalisability particularly with sarcastic and code-switched
tweets. Section4.2 highlighted the superiority of transformer-based
models. Fine-tuned twitter-roberta attained the highest macro-F1 (0.952)
on the Sentiment140 test set, while XLM-RoBERTa excelled on Arabic
and Spanish streams, validating the benefit of multilingual pre-training.
The relative error-reduction metric quantified a 52 % decrease in
misclassifications compared with the LSTM baseline, at a manageable
latency cost of approximately 5 ms per tweet. In Section 4.3, a cross-model
comparative analysis mapped the accuracy—speed trade-off, showing a
near-linear relationship and positioning twitter-roberta as the optimum
choice for English-dominant scenarios. Section4.4 expanded on these
findings, discussing their implications for real-time dashboards,
multilingual monitoring, and user-centric design. Usability tests confirmed
the GUI’s effectiveness while limitations such as VRAM requirements
were candidly acknowledged. Finally, Section 4.5 distilled the insights into
a set of actionable recommendations, ranging from data-centric
enhancements and model-compression techniques and future research on
multimodal sentiment analysis to test the application models training, fine-
tuning and evaluation pages. Table4.5 summarised these
recommendations, offering a clear roadmap for evolving the prototype
production-ready system. Finally, the results affirm that transformer-based
transfer learning is the most viable path for accurate and scalable
social-media sentiment analysis, if efficiency optimisations and ethical
considerations are systematically addressed. These conclusions inform the

broader implications and strategic directions.
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