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SENTIMENT ANALYSIS OF TRENDING TWEETS USING SPARK NLP AND DEEP
LEARNING: A BENCHMARK STUDY OF CNN VS TRANSFORMER MODELS

This study investigates the implementation of different sentiment analysis models, exploring their theoretical
foundations, robust evaluation criteria, and significant findings, and integrating natural language processing
methods to preprocess data collected from social media, the main source of information. The goal of this study
is to present notable advancements in sentiment classification by implementing innovative models, including
Convolutional Neural Networks and Transformer-based architectures such as BERT, DistilBERT, and
RoBERTa, with Spark NLP for preprocessing. The tasks to be performed include: collecting the dataset from
Twitter/X focusing particularly on trending topics that appear daily; performing preprocessing steps using Spark
NLP, a prominent and scalable NLP library built on Apache Spark to handle scalable and distributed processing
of textual data; assigning the polarity for each tweet by applying VADER lexicon-based tool; pretraining both
TextCNN and Transformer-based models on lexicon-based VADER labels under identical parameters; fine-
tuning the models on manually annotated tweets; comparing their effectiveness, evaluating their strengths,
weaknesses, and overall performance in sentiment classification that can guide model selection in resource-
constrained settings. The methods used include Spark NLP pipelines, lexicon-based weak labeling, two-phase
supervised learning on Convolutional Neural Networks (TextCNN), and Transformer-based models (BERT,
DistilBERT, RoBERTa) with early stopping and learning-rate warm-up strategies, and finally the comparative
evaluation metrics. The dataset used in this work (12,422 tweets, including 3,475 manually labeled tweets) is not
large. The use of Apache Spark enables distributed data processing and supports scalability for larger datasets.
The results show that the Transformer-based models outperformed TextCNN model in terms of classification
accuracy and robustness. ROBERTa achieved the highest accuracy (85%), followed by BERT and DistilBERT
(84%) and TextCNN (72%). DistilBERT balances the predictive performance and computational efficiency well.
Conclusions. The scientific novelty of this study focuses particularly on the integration of Apache Spark NLP
preprocessing, followed by a benchmarking of CNN and Transformer-based models trained on trending tweets
in a hybrid two-phase learning strategy that combined lexicon-based weak supervision with human annotation
under the same experimental conditions to provide methodological insights and select appropriate model in our
sentiment classification experiments.

Keywords: Sentiment Analysis; Apache Spark NLP; social media; TextCNN; Bidirectional Encoder
Representations from Transformers (BERT); DistilBERT; RoBERTa; Two-phase learning; Weak supervision.

1. Introduction become a prominent area as a Natural Language
o Processing understanding benchmark to classify text into
1.1. Motivation positive, negative, and neutral sentiment categories [2].

) It automates the analysis of public insights and attitudes
The global popularity of the Intemet has grown  from a high volume of data gathered from the X platform
because it enables more flexible, convenient 5 guide decision-making across various domains. The

communication. Social.media and_ its platforms allow  colected tweet polarity was classified in four key steps:
users to have conversations, share information, broaden  gata selection, preprocessing, feature extraction, and

their knowledge on a particular field, and express their — odel training.

sentiments toward topics or trends. To avoid designing task-specific architectures and
~ Applications like X (formerly Twitter) have proved  ajning from scratch, researchers have focused on pre-
itself as a prominent mlcr_oblogglng_ platform [1] i training different language models and fine-tuning them
evaluating individual behavior, allowing researchers to o downstream tasks [3]. This paradigm has notably
analyze sentiment patterns and detect their polarity,  jmproved the accuracy of sentiment analysis by adapting
whlch.can be positive, negative, or _ne_utral. Sentiment  foundational models to specific applications and
analysis, popularly identified as opinion mining, has  contexts. Google built a new language representation
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called Bidirectional Encoder Representations from
Transformers (BERT) built to pre-train deep
bidirectional representations from unlabeled text and
fine-tuned on labeled data for diverse natural language
processing (NLP) tasks [3].

The progress in machine learning models has been
rapidly accelerating, and new and more powerful
algorithms continue to emerge, addressing the
shortcomings of their predecessors. Within the scope of
downstream tasks, CNNs and Transformers stand out as
two leading architectures, which are commonly the
subject of extensive comparative studies that highlight
their strengths and weaknesses [4]. Transformer-based
models, such as BERT, RoBERTa, and DistilBERT, set
new benchmarks for NLP tasks, but they require
substantial computational resources. While CNN models
like TextCNN offer faster training, their application in
scalable text processing remains underexplored.
However, despite their success, the following question
remains: Which approach is more effective for specific
tasks when both approaches are applied to the same
large-volume tweet corpus? How does their
performance compare to real-world applications?

In this paper, we provide a comparative study of
these models to offer insights into the optimal choice and
architecture that best balances accuracy and efficiency in
large-volume settings.

1.2. State of the art

There have been studies on text sentiment
classification using BERT (Pre-training of Deep
Bidirectional Transformers for Language
Understanding), which is relevant to our research.

The authors of [5] developed a CNN-based model
for Twitter sentiment classification using the enhanced
Gorilla Troops Optimization algorithm. Using the
SemEval-2016 Twitter datasets, the model achieved
around 98% performance and demonstrated robustness in
handling noisy and short-text data of social media. This
study provides a valuable baseline for benchmarking
Transformer-based models when integrated with Spark
NLP framework.

In their paper [6], the authors proposed a sentiment
analysis and polarity prediction system using tweets
about COVID-19 vaccines. They leveraged Apache
Spark for large-scale text preprocessing and applied deep
learning techniques, particularly LSTM, to forecast
sentiment trends. Although their work focuses on
vaccine-related discourse, it demonstrates a scalable
approach to collecting, preprocessing, and classifying
tweets using NLP, which closely aligns with the
methodology adopted in our study. We extend this line of
research by comparing multiple models (TextCNN,

DistilBERT, and RoBERTa) on a broader spectrum of
trending topics for real-time sentiment classification.

Singla and Ramachandra [7] performed a
comparative analysis of several transformer-based
models (BERT, RoBERTa, and ALBERT) for multiclass
sentiment analysis using a COVID-19 tweet dataset.
They evaluated models using metrics such as F1-score
and AUC, highlighting BERT as the most accurate,
though computationally heavier, and RoBERTa as a
faster alternative with acceptable performance. This
work is closely related to our study as we also fine-tune
transformer models, including DistilBERT and
RoBERTH , for sentiment classification.

The study in [8] conducted a comprehensive
comparison of different NLP models, including BERT
base, Bio+Clinical BERT, and CNN, to predict drug
review satisfaction using the UCI ML Drug Review
dataset. The domain-specific Bio+Clinical BERT model
outperformed the general-purpose BERT base model.
While BERT-based models were good at understanding
long-range context and specific medical terms, the
simpler CNN was better at identifying key sentiment
phrases, especially in reviews with mixed language or
non-medical terms. This shows the importance of using
both domain-specific, pertinent models and simpler
models, depending on the type of text.

A hybrid sentiment analysis model that employs
both BERT and CNN architecture to evaluate public
opinion on Covid-19 tweets was proposed in [9]. The
study revealed that BERT alone achieved 88.4%
classification accuracy due to its contextual
understanding. The CNN excelled at extracting local text
patterns. By combining both models into one approach,
they achieved an even higher accuracy of 90%. This
study highlights the benefits of combining deep
contextual embedding with convolutional pattern
recognition in social media sentiment analysis.

The authors of this paper [10] built a live sentiment
analysis pipeline on Twitter data using Apache Spark
with Scala and the Naive Bayes classifier on
preprocessed tweet text. Although this work achieves
good performance, its limitation is that it relies on simple
and classical machine learning methods rather than
transformer-based models. In our research, we advanced
this restriction by combining Apache Spark NLP with
advanced deep learning architectures, such as
architectures like CNN and Transformer models.

The authors in [11] evaluate different machine
learning models such as: Logistic Regression, SVM,
Random Forest, and Naive Bayes to extract which one
performs well under the Spark distributed environment.
The findings show that Spark increases the speed of data
processing and ensures scalability. This study does not
cover models that can capture the deeper semantic
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meaning in tweets; instead, it relies only on classical
machine learning models.

In their paper [12], the authors focused on deep
learning and Transformer-based models such as BERT,
RoOBERTa, and DistilBERT. With their self-attention
mechanisms, Transformers outperform earlier deep
learning models such as CNNs and LSTMs when applied
on various sentiment datasets. This study reinforces the
idea of comparing CNN and Transformer models and
shows that the latter have become the dominant and most
preferred choice for modern sentiment analysis tasks,
especially when used with Big Data frameworks such as
Apache Spark NLP.

The studies presented multiple research problems
from different perspectives using Transformer and
convolutional neural network (CNN) models in
conjunction with Big Data techniques. Only limited
attention has been given to trending tweets, especially
following recent restrictions on access to Twitter/X data.
Apache Spark is now widely used in domains and areas
with large amounts of data; however, its application to
social media sentiment analysis remains very limited.
Consequently, a specific research gap remains in
integrating Spark NLP for scalable tweet preprocessing
and in systematically comparing CNN and Transformer
models on trending-topic tweets. This study addresses
this gap by combining Spark NLP preprocessing with
TextCNN, BERT, DistilBERT, and RoBERTa to assess
their contextual accuracy and computational efficiency
on dynamically collected Twitter data.

1.3. Objectives and Tasks

This study examines extensive textual datasets from
different contexts and trending topics [3]. The process
begins with collecting daily trending topics from X
platform, followed by randomly gathering tweets related
to these topics over a specific period.

Given the moderate dataset size, a robust text-
processing framework is used to efficiently manage and
process the dataset. After data collection, preprocessing
techniques using Spark NLP were applied to clean and
normalize the tweets. For sentiment classification, we
train and fine-tune TextCNN, BERT, DistilBERT, and
RoBERTa on the processed dataset. We evaluate their
performance using metrics such as accuracy, F1-scores,
classification reports, and confusion matrices [9] to
analyze training duration and computational efficiency
for both CNN and Transformer-based architectures.

The primary goal of this research is to identify an
appropriate model for categorizing the sentiment of
trending Twitter/X topics. The selected model should
achieve the highest overall accuracy and a strong F1-
score, which provides a balanced evaluation of precision
and recall in an imbalanced dataset. The model that

achieves the best performance on these metrics is
considered the most suitable choice for this task.

The remainder of this paper is structured as follows:
Section 2 presents the methodology and implementation,
including the data collection process, preprocessing
pipeline, and baseline sentiment classifier for the model.
In addition, it presents and justify the choice of the
models by outlining the theoretical background of
TextCNN and Transformer-based architectures. Section
3 presents the comparative results for TextCNN, BERT,
DistilBERT, and RoBERTa. Section 4 discusses the
findings of this comparison and identifies the top-
performing model.

2. Materials and methods of research

In recent years, NLP (Natural Language
Processing) has captured the attention of many
researchers and engineers. NLP is a subfield of computer
science and artificial intelligence that relies on machine
learning to simplify understanding and communication
between humans and computers. NLP has been applied
in various domains to help resolve problems or analyze
certain situations, thereby forecasting the future
evolution of products or services and identifying
potential drawbacks. In this context, we shed light on the
sentiment analysis of tweets collected from X.

The increased focus in sentiment analysis in recent
years by both industry and academic community is driven
by the goal of determining public sentiment from this
data for businesses, policymakers, and researchers to
understand public opinion, track emerging trends, and
make informed decisions [13]. The pipeline shown in
Fig. 1 will encompass several steps, each of which will
be explained in detail below.

2.1. Data collection

The data collection process (Fig. 1) begins by
creating an account on X (formerly Twitter) and selecting
the appropriate subscription plan for tweet collection. We
opted for the Basic Plan for this project. Then, we
connect to the X API using the Tweepy Python library
and the API key provided by the X Developer Portal.

In this phase, we employed a unique approach by
collecting data related to a variety of trending topics. To
identify the most relevant and up-to-date topics, we
extracted data from Trends24, a platform that provides
real-time trending topics on X, using BeautifulSoup for
web scraping. We retrieve and rank these trending topics
based on their popularity, filtering out non-English topics
and retweets for consistency in the sentiment analysis.

This approach enabled us to gather data about the
most current global events, emerging crises, and
phenomena across multiple domains, providing insight
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Fig. 1. Tweet classification pipeline

into topics that are gaining momentum. Once the trending
topics for the day were identified, tweets related to these
topics were randomly collected:

- We construct search queries using each trending
topic, ensuring that tweets are in English and excluding
retweets to avoid duplication.

- Using the X API, a random number of tweets per
topic (between 10 and 20) is retrieved to maintain a
balanced dataset.

- We store text content for each retrieved tweet.

- Due to the API rate limits introduced after Elon
Musk’s acquisition of Twitter and given that we
subscribed to the Basic Plan, we are limited to collecting
a maximum of 15,000 tweets per month and 15 requests
per 15 minutes to stay within the allowed limits.

- The collected tweets are stored in a structured
Pandas DataFrame.

Figure 2 illustrates the distribution of trending
hashtags related to the main topics in our dataset.

The Top 20 trending hashtags presented in Fig. 2
are a mix of entertainment and celebrity topics

#trump) that went viral on the X platform from January
12, 2025, to February 17, 2025. These hashtags are
directly linked to real public trends during the data
collection window, including global social, political, and
cultural events.

Each day within this period, we collected the top 10
trending hashtags and randomly retrieved tweets
associated with them. The total number of tweets
obtained in this one-month was 15 000 tweets in the
dataset because we did a subscription for API basic plan.

Fig. 3 provides an overview of the distribution of
the top 10 most frequent hashtags collected in January
2025, along with the dates on which each reached its
highest activity on Twitter. Some hashtags were repeated
over several days, but their frequency gradually
decreased. The results shown in Fig.3 confirm the
diversity of topics in our dataset, reflecting real-world
Twitter trends. For instance, hashtags like #tiktok and
#trump coincided with major social and political events
this year, which matches the official decision of the U.S.
government to implement restrictions on TikTok in mid-
January 2025.

Examples of tweets from our dataset: For instance,
a positive tweet in the corpus reads, “Have a fantastic
day! #FridayFeeling #FridayVides.” A neutral example
is, “Yesterday | announced a new public awareness
campaign to combat the spread of meth across
Wisconsin.” In contrast, a negative tweet example
expressed personal frustration: “I hate that finding funny
TikTok creators as the app is dying”. These examples
clearly illustrate the range of content and sentiment
captured in the dataset.

Top 20 Trending Hashtags (Jan-Feb 2025)
#trending |

#zelena
#grandefratello
#helevier

#bbb2s [

#shailenzo
#superbowllix
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Fig. 2. Top 20 trending hashtags from January to February 2025
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Top 10 Hashtags in January 2025 with Their Peak Dates
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Fig. 3. Top 10 distributed hashtags in January 2025

The dataset contains approximately 15,000 tweets,
which is moderate in size by “Big Data” standards. The
use of the Big Data framework Spark NLP is justified by
its ability to preprocess and analyze high-velocity social
media data, thereby ensuring a modular, scalable
processing pipeline. In this study, we focus on the use of
the Big Data framework to combine velocity and variety,
even though the volume aspect was not clearly
represented. This setup prepares the pipeline for future
expansion to larger and real-time tweet streams with
minimal modification.

2.2. Data preprocessing

2.2.1. Introduction and description of NLP

In recent years, the scale of data has been massively
growing, being a key factor of the Big Data scenario,
which presents high volume, velocity, and variety of data
that is too large for traditional applications to handle and
requires new high-performance processing [14]. In this
context, the integration of a scalable data-processing
pipeline is essential to take advantage of the patterns,
connections, and trends contained in these vast
repositories across diverse data sources.

The raw tweets collected on X via its API often
produce highly unstructured and noisy datasets, due to
people’s spontaneous use of social media [15], which can
be emojis, emoticons, hashtags, user mentions, and
common web elements, such as email addresses and
URLs. In addition, they may include phone numbers,
percentages, timestamps, dates, and generic numerical
values. Therefore, raw Twitter data must be preprocessed
to create a dataset that can be easily learned by various
classifiers [15].

Data preprocessing is a vital step in Twitter-based
sentiment analysis, as it transforms raw, unstructured
tweets into a clean, analyzable format, reducing
complexity and improving model performance [16]. It
encompasses various techniques, including data
preparation and reduction methods.

Once the data preprocessing stage is successfully
completed, the resulting dataset provides a reliable, well-
structured foundation for applying deep learning
algorithms. In the following, we introduce Apache Spark
NLP for data preprocessing and outline the overall steps
for cleaning the dataset.

2.2.2. Apache Spark NLP

Over the last few years, Apache Spark has
established itself as the standard tool for scalable text
processing. It provides a high-level API for processing
vast amounts of data in parallel, including tasks such as
removing unwanted characters and stop words, and
converting text to lowercase. A practical application of
Spark NLP would involve presenting a holistic view of
each tool’s suitability for processing social media data in
real-time and for data cleaning and preprocessing
workflows using Apache Spark and Python [17].

Spark NLP is an open-source library that provides a
unified framework for all NLP processing tasks. It stands
out as the only library capable of scaling up training and
inference in any Spark cluster, leveraging transfer
learning, applying the latest and greatest NLP algorithms
and models, and delivering high-quality enterprise-grade
solutions [18]. Spark NLP aims to outgrow older libraries
for production use in software systems. The library
features straightforward, efficient, and accurate NLP
tools for ML pipelines, designed to scale seamlessly in a



Machine learning and intelligent systems

143

distributed environment. The upgraded Spark NLP
pipeline incorporates the following NLP steps:

Document Creation:

To get through the process in Spark NLP, we first
need to transform raw data into Document type.

Tokenizer:

When working with text data for analysis or
building machine learning models, the first step is to
transform the text into meaningful features that the
models will use later. This step is called tokenization. Its
main goal is to split text into fragments, called tokens,
that can be words, characters, emojis, sentences, or other
chunks of text, generating a list of tokens that enables
further NLP tasks.

Normalizer:

The Normalizer annotator in Spark NLP performs
text normalization on the data. It is used to remove all
dirty characters from text following a regex pattern,
convert text to lowercase, remove special characters, and
punctuation, and transform words based on a provided
dictionary. The Normalizer improves the accuracy and
quality of the analysis and models. We applied the
following cleanup patterns to the collected tweets to
ensure a clean and normalized version of our data:

- "@\\w+"": Users frequently refer to others in their
tweets by placing an @ symbol before the intended
username [19]. The normalizer identifies and removes X
mentions from the input text by incorporating this
expression into the code, reducing noise from usernames
that do not contribute to the tweet's meaning.

- "https?:\WWW\S+"": Uniform Resource Locators
(URLSs), do not aid in text classification and may even
mislead the model if they include conflicting words [19].
So, itis better to normalize all tweets by adding the above
configuration.

- "#\\w+"": The regular expression is used to match
hashtags in tweets and remove them because hashtags
often contain metadata rather than contributing to the
sentiment or the main meaning of the text.

- "[~a-zA-Z\s]"": The regular expression is used to
remove special characters, numbers, emojis and
punctuation while keeping only letters (both uppercase
and lowercase) and spaces.

- "\\b[a-zA-Z]\b"": This expression is designed to
match single-character words consisting solely of an
alphabet letter that cannot reflect the sentiment or the
meaning of the text.

- "(O\1{2,}": This configuration is used to detect
and match repeated characters that appear three or more

times in a row because when dealing with social media
text, people often elongate words for emphasis such as
""s0000 happy".

Stop Words Cleaner:

The process of cleaning words in Spark NLP
involves removing commonly used words from text data.
These words such as “like”, “the”, “a”, “and”, “in” are
meaningless and can impede the performance of many
natural language processing (NLP) tasks. Eliminating
these stopwords can greatly enhance the accuracy of
these tasks and optimize resources usage for subsequent

text processing.
Lemmatization:

Lemmatization is one of the most common pre-
processing tools used in Natural Language Processing
and artificial intelligence. It aims to convert a particular
word to its root word while considering its meaning. It
helps refine textual analysis, information retrieval, and
language understanding tasks.

Finisher:

The spark NLP Embeddings Finisher allows users
to complete the text data-generated embeddings. This
step is crucial for preparing the embeddings for
downstream tasks to ensure compatibility within the
spark NLP ecosystem.

The dataset used in this study is modest in size due
to API limitations. The choice of Spark NLP for data
preprocessing is justified not solely by data volume but
also by the nature of tweets, which are typically high-
velocity, high-variety, and unstructured. Adopting this
framework ensures scalability and readiness for larger
datasets.

After completing the pre-processing steps, a
pipeline that includes the necessary stages is built. When
the pipeline is constructed, it is fitted to the collected data
and transformed to obtain clean and normalized results.
Following this transformation, the dataset was reduced to
12 422 unique and valid tweets. We convert the Spark
DataFrame into a Pandas DataFrame, which facilitates
exploratory data analysis, visualization, and integration
with machine learning models.

The distribution of keywords within our cleaned
dataset is visualized in Fig. 4 as WorldCloud. The
presence of political and conversational terms in the
visualization suggests that the dataset captures diverse
trending topics, emotional expressions, and user
interaction characteristics that capture the dynamic
nature of trending Twitter discussions.
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Fig. 4. Word cloud of collected tweet

Since the dataset is small and does not require
distributed  computation,  scalability ~was not
experimentally confirmed in this study. The main goal
was to ensure the framework’s choice is valid and robust,
regardless of the tweet volume that may be involved in
future extensions of this work, and to provide a
preprocessing pipeline that remains applicable and
scalable to larger scenarios. To justify the choice of Spark
NLP, we executed three preprocessing methods (Spark
NLP, NLTK, SpaCy) under the same GPU A100 (Google
Colab Pro) to demonstrate the strengths of Spark NLP
over other python libraries. Spark NLP completed its
execution process in 2.89 s, followed by NLTK in 3.49 s,
and SpaCy in 48.75 s. The Apache Spark NLP
framework achieves faster preprocessing and scales
efficiently, ensuring reproducibility by preprocessing
millions of tweets across extended workloads using the
same pipeline with only a slight increase in runtime.
Apache Spark DataFrame enables a fully reproducible
pipeline that can be easily adapted and applied to Big
Data environments. In contrast, the performance of
NLTK and SpaCy degrades more rapidly as the database
size increases.

2.3. Lexicon-Based Sentiment Analysis
with VADER

To determine the polarity of tweets, we use VADER
(Valence Aware Dictionary and Sentiment Reasoner), a
lexicon and rule-based sentiment analysis tool
specifically tuned to sentiments expressed in social
media. VADER is more advanced and generally better
for tweets because it considers context, negation, and
intensity modifiers. We start by applying the VADER
Sentiment Analyzer to the tweets in the dataset to obtain

each tweet’s sentiment. VADER assigns sentiment
scores to each word in a text, sums up the sentiment
scores of all words, and scales the score between -1 and
+15. If the compound score, which represents a single
score for the overall sentiment of a text, is less than -0.05,
the sentiment is classified as negative; if the compound
is between -0.05 and 0.05, the sentiment is neutral; if the
compound score is greater than 0.05, the sentiment is
positive. Fig. 5 shows the sentiment distribution of the
tweets, and Fig. 6 shows the proportion of each polarity
after applying the VADER sentiment analyzer. Out of 12
422 tweets, 45.4% were classified as positive, 28.6% as
neutral, and 26% as negative. All sentiment categories
are sufficiently represented, supporting fair and unbiased
model training and evaluation. This distribution
demonstrates that the data are suitable for reliable
sentiment classification tasks.

VADER Sentiment Distribution after Cleaning
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Fig. 5. VADER Sentiment distribution of tweets
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A total of 3,475 tweets were manually annotated as
positive, negative, or neutral by a single annotator to
allow the models to learn natural human sentiment, rather
than VADER logic that misclassifies sarcastic
expressions, for example. A set of verifications was
implemented to ensure reliability, starting by double-
checking ambiguous tweets that were confusing and
difficult to judge, such as sarcasm, mixed sentiment, or
that lacked context, so we reviewed them for a second
time in a separate interval. For unclear cases, we asked
another author for an additional opinion to determine the
exact polarity of the tweets. To avoid contradictions in
classifying sentiment, we ensured that similar sentences
with similar linguistic structures received the same
labels. By adopting this approach, we reinforce the
internal coherence of our manually annotated dataset,
even though we rely on a single primary annotator.

VADER and Human Sentiment Distribution
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Fig. 7. VADER and Human Sentiment distribution

We combined automated VADER scores with
manual human evaluation to overcome the limitations of
purely lexicon-based annotation. Initially, VADER
produced a polarity score for all 12 422 cleaned tweets.
Subsequently, a subset of 3 475 tweets, representing
approximately 28% of the corpus, was manually
relabeled, considering contextual cues, sarcasm, and
sentiment intensity that VADER might misinterpret. The
models were first pretrained on VADER-labeled tweets
and subsequently fine-tuned and evaluated on human-
annotated tweets. This approach forces the models to
align with human judgment rather than lexicon-based
polarity. Fig. 7 shows the new distribution of tweets after
the manual human annotation of the subset.

Fig. 8 compares VADER-predicted sentiment
labels with human annotations for the subset of 3,475
tweets. The diagonal cells (977, 1 017, 952) represent the
agreements between the two evaluators. We can see that
125 negative tweets were incorrectly labeled as positive
and 100 positive tweets were classified as negative.
These confusions arise in tweets containing sarcasm or
mixed emotions, where lexical polarity cannot capture
the exact sentiment. Overall, the agreement rate of
84.78% in the subset labels confirms that VADER shows
strong consistency with human annotation, although
human labeling remains essential for refining training
models and ensuring contextual accuracy in sentiment
analysis. Table 1 presents examples of misclassified
tweets by the VADER tool. These cases reveal key
weaknesses of lexicon methaods, including the failure to
detect implicit negativity or urgency and
misinterpretation of contextual expressions. This further
justifies the addition of the human annotation phase, as
manual review can better detect sarcasm, idiomatic
language, and nuanced emotional tones that automated
tools may overlook.
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Neutral 4
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True (Human Annotation}

Positive -
F 200
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Fig. 8. VADER vs Human Sentiment Labels
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Table 1

Examples of VADER-Predicted and Human-Annotated tweets

TWEET (ANONYMIZED VADER HUMAN
FOR PRIVACY) LABEL LABEL INTERPRETATION
“The price paid now becomes VADER misses the constructive financial
the sustainable investment Negative Positive | context expressing optimism about
later.” sustainability
The human annotators correctly recognized the
“Save Wisconsin!” Positive Negative | urgency and concern implied by crisis-related
plea.
FAA. grounds S_pace_X S VADER over-weighted terms like “reward”
Starship  after  mid-flight f : « » o
. Positive Negative | and “program”, classifying the tweet as
explosion, reports property

damage on Turks and Caicos”

2.4. Model presentation and theoretical
background

2.4.1. Models’ justification choice

We selected TextCNN over recurrent-based
alternatives, such as LSTM and GRU, because of its one-
layer convolutional design with multiple filter widths and
global max pooling, enabling much faster training on
short, noisy texts for sentiment classification with fewer
parameters. In contrast, Transformer models (BERT and
RoBERTa) leverage large-scale pre-training to capture
deep contextual representations. DistilBERT was
included to examine the size-speed trade-offs by
compressing these representations into a smaller and
faster model. This selection benchmarks a lightweight
baseline vs heavyweight state-of-the-art and guides the
choice of the real-world model.

2.4.2. Convolutional Neural Networks
CNNs for NLP

Convolutional Neural Networks (CNNs) are a type
of deep learning model that are traditionally used in
image processing [20] and are designed to process
complex data formats, which are often represented as
multiple arrays. The multi-layered network identifies
complex features within data, such as characteristics
extracted from images and text. Recently, the application
of CNNs has been extended to text-related problems
alongside image classification, object detection, and
other fields. TextCNN is a powerful text classification
model that categorizes text data into various classes. The
TextCNN model applies multiple convolutional filters to
word embeddings to capture different n-grams and
patterns in the text. Each filter produces a feature map
that is then passed through a pooling layer to retain the
most important features. The resulting feature maps were
flattened and passed to a fully connected layer for

positive while ignoring the negative event.

classification. Using the softmax activation function, we
obtain the final output. TextCNN is suitable for diverse
text classification problems because it effectively
captures local features and patterns in the text.

2.4.3. Transformer models

The birth of Transformers was a turning point in the
evolution of deep learning models. In the pre-
Transformer era, numerous models dominated NLP.
These models had several limitations and weaknesses
that prevented them from reaching high-performance
results, including inefficiency in processing large
sequences, reliance on sequential computation, and
difficulty capturing long-range dependencies, which
made the training slow and resource-intensive.
Transformers were introduced to overcome these
limitations by enabling parallel processing and capturing
long-range dependencies more easily. The key
innovation was the self-attention mechanism, which
allows the model to learn the relationships between
distant parts of a sequence and enhances its ability to
process and understand intricate data. BERT,
DistilBERT, and RoBERTa are considered the most
well-known Transformers models.

- BERT (Bidirectional Encoder Representations
from Transformers): BERT is a model that has
considerably advanced language processing tasks. BERT
is designed to pretrain deep bidirectional representations
from unlabeled text by simultaneously considering left
and right context across all layers, enabling it to capture
more profound semantic relationships between words, as
shown in Fig. 9.

E1, E; .... En is an input sequence passed into the
Transformer architecture, where each token undergoes
embedding, self-attention, and feedforward
transformations within multiple stacked Transformer
blocks. These layers refine each word’s contextual
representation, and the  output  embeddings
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Fig. 9. BERT architecture

T4, T2, ..... Tn encode the words’ contextual meaning
within the sequence. The model incorporates the
following two training strategies:

1. Masked Language Model (MLM): 15% of the
words in a sequence are masked, prompting the model to
predict the initial value of these masked words based on
the context detected from the unmasked words in the
sequence.

2. Next Sentence Prediction (NSP) is a training
objective that helps the model to capture inter-word
dependencies and predicts whether the second sentence
logically follows the first one [21].

The input representation of bidirectional encoder
representations from transformers (BERT) is the sum of
three key components, as shown in Fig. 10:

1. Token embeddings: This contains token IDs for
each word in a sequence, including special tokens [CLS]
at the beginning and [SEP] at the end of the sequence to
separate sentences [7].

2. Segment embeddings: Segment or sentence
embeddings. Each segment has its own embedding
separated by the [SEP] token [7], which helps BERT
differentiate between sentence A and sentence B in
paired-input tasks.

3. Position embeddings: This indicates each
token’s position within the sequence [7].

- DistilBERT (Distilled BERT): DistilBERT is a
distilled version of BERT and has the same general
architecture as BERT but with fewer layers and
optimizations for efficiency, as shown in Fig. 11.
DistilBERT is a lighter and more efficient version of
BERT. It was developed using a technique called
knowledge distillation, in which a smaller model is
trained to mimic a larger model's behavior, retaining 97%
of BERT’s performance while being 60% faster and 40%
smaller. In contrast to BERT, DistilBERT removes the
Next Sentence Prediction objective and focuses solely on
Masked Language Modeling. Additionally, it uses
distillation loss, which helps it mimic BERT's predictions
while remaining computationally efficient.

-RoBERTa  (Robustly optimized BERT
approach): RoBERTa is an optimized version of BERT
model. It employs dynamic masking, generating a
different mask pattern for each input sequence during
model training [7], which is one of the key improvements
in RoBERTa over BERT. In addition, RoBERTa is
trained with larger mini-batches, more data, and longer
training times, and it removes the Next Sentence
Prediction task, which was originally part of BERT’s
pretraining. As illustrated in Fig. 12, these changes help
RoBERTa achieve high performance on many NLP tasks
compared to the original BERT model.

3. Results and Discussion

3.1. Model Implementation and Training

A two-stage weakly supervised fine-tuning
approach was adopted to ensure methodological
consistency and fair comparison. All models (TextCNN,
BERT, DistilBERT, and RoBERTa) were trained using
the same two-stage strategy. In the first phase, each
model was pretrained on the full dataset (12 422 tweets)
labeled with VADER tool to allow the model to learn
general sentiment features. In the second phase, the
pretrained models were fine-tuned and evaluated on the
manually annotated subset (3 475 tweets) to align their
predictions with human-annotated sentiment.

Input [CLS] Q Q, [SEP] P, [SEP]
[ S S S
Token E E E E E E.
embeddingsl cs 101 | lsp lm lpz ‘ lsp
Segment En ] [ Ea } ’ En J : EN B EMu(' { En.. '
embeddings l L l | l j l l )
Position E E E En. En. Ens
ambedding o 1 2 M1 M+ N:2

Fig. 10. BERT input representation
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Class Two stabilization techniques were applied during
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Fig. 12. RoBERTa architecture

We start the training pipeline by fixing the
random_seeds of Python, NumPy, and TensorFlow
environments to guarantee a reproducible workflow. In
the pretraining phase, VADER-labeled dataset (12 422
tweets) was split using a stratify argument to ensure a
balanced class distribution, preventing biased training
and evaluation: 80% in the training sets (9 937 tweets),
10% for validation (1 242 tweets), and 10% for testing (1
243 tweets). In the fine-tuning phase, we used the human-
annotated subset that contains 3 475 tweets. A new
stratified split was applied with 80% for training and 20%
for testing (695 tweets) to evaluate the model only on this
subset. Although the human-labeled tweets constitute a
part of the VADER dataset, no overlap was captured
between the two phases. However, the final evaluation
uses a portion of the human test subset that was never
used in any training step to provide unbiased results.

catastrophic forgetting on the limited human-annotated
dataset. First, we froze the lower encoder layers for each
Transformer model to preserve the linguistic and
sentimental features learned during pretraining on
VADER-Ilabeled tweets. Second, a learning-rate warm-
up over the first 10% of steps was implemented to
gradually ramp up the optimizer's learning rate and
enable the model to adapt to human-labeled data.

Several experiments were conducted to determine
the optimal freezing ratios for each model. Each freezing
configuration was evaluated in three random seeds over
three runs to judge whether a freezing ratio 0%, 33%,
50%, 67%, 80% is truly better and overcome the
stochastic behavior of Transformer models during the
training process, preventing conclusions based on the
performance of a single run that can be potentially noisy
run. For each freezing ratio, we report the mean accuracy,
the standard deviation to measure the stability of the
results with respect to randomness, and the average best
epoch across three seeds, which provide insights into
each model’s convergence. For BERT model, Table 2
shows that a freezing ratio of 67% provides the best fine-
tuning configuration for our dataset, with the highest
accuracy of 81.10% and the lowest variance across three
different seeds, indicating good performance and
exceptional consistency. For DistilBERT, freezing 50%
of the layers is the best choice that balances the
adaptation of the model and training stability, as shown
in Table 3. Table 4 demonstrates that freezing 67% of the
encoder layers of ROBERTa is the optimal fine-tuning
configuration for the model, which maximizes its
generalization ability, achieving the highest mean
accuracy (82.63%) with the lowest variance in three
consecutive runs.
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Table 2
BERT Freezing ratios comparison
Freeze Mean Std Avg best
ratio accuracy | accuracy epoch
0% 0.36 0.031 1
33% 0.60 0.153 3
50% 0.68 0.122 3
67% 0.81 0.012 5
80% 0.74 0.064 3
Table 3
DistilBERT Freezing ratios comparison
Freeze Mean Std Avg best
ratio accuracy | accuracy epoch
0% 0.52 0.098 2
33% 0.50 0.073 5
50% 0.63 0.069 4
67% 0.50 0.133 6
80% 0.60 0.100 5
Table 4
RoBERTa Freezing ratios comparison
Freeze Mean Std Avg best
ratio accuracy | accuracy epoch
0% 0.49 0.152 2
33% 0.53 0.153 2
50% 0.54 0.112 6
67% 0.82 0.019 4
80% 0.74 0.121 5

* TextCNN Implementation:

Sentiment classification was developed using a
TextCNN model applied to the collected dataset. The
process begins by mapping sentiments to numerical
labels, tokenizing the cleaned tweets, and transforming
them into sequences. The TextCNN model is
constructed, comprising an embedding layer followed by
multiple convolutional layers with ReLU activation and
global max pooling to extract n-gram-level features.
Dense layers and dropout regularization are used for
classification before the final softmax output layer. The
model was compiled using the categorical cross-entropy
loss function and optimized using Adam, with early
stopping based on validation loss (patience=3) to avoid
overfitting. The model was trained for 10 epochs with a
batch size of 32. To evaluate the model, we used
classification metrics and a confusion matrix to visualize
the distribution of the correctly predicted sentiment
classes. These metrics provide insights into how the
model can properly classify sentiments in the class
imbalance.

The classification report heatmap in Fig. 13 shows
that the TextCNN model pretrained on VADER-labeled
tweets achieved 75% accuracy and a macro-F1 score of
0.72, demonstrating strong performance on positive and
neutral tweets. However, negative sentiment was the
most challenging with a score of 0.50. F1-score,
indicating that lexicon-based signals were insufficient to
capture context negativity, such as sarcasm. Once the
TextCNN model was fine-tuned on 3 475 human-
annotated tweets, the model accuracy decreased to 72%
due to the higher complexity of human judgments and
macro-F1 = 0.72 on the human test set (695 tweets), as
shown in Fig. 14. Negative sentiment detection improved
(F1= 0.61), proving that fine-tuning helped the model
align better with human interpretation. Neutral
(F1 = 0.83) and positive (F1 = 0.72) classes remained
stable, confirming that the model retained its previous
strengths after fine-tuning. Despite the small dataset size,
the fine-tuned TextCNN model generalized well by
combining lexicon-based and human-based sentiment
understanding.

TextCNN - Classification Report during VADER Pretraining
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Fig. 13. Classification Report of TextCNN
during VADER Pretraining

TextCNN - Classification Report after Human Fine-tuning
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The TextCNN performance after the fine-tuning
phase on the test set (695 tweets) is summarized in the
confusion matrix in Fig. 15. The diagonal values (137,
199, 166) indicate correctly classified tweets. Negative
tweets were misclassified as neutral (36) and positive
(62) when they contained positive words but expressed
frustration. Neutral tweets were mislabeled as negative
(29) and positive (10) when they included polite or
informative promotional phrasing without emotional
intensity. A few positive tweets were misclassified as
negative (47); most errors were attributed to contextual
ambiguity rather than model weakness. Fig. 16 shows the
training and validation accuracy and loss over epochs for
the TextCNN model. Early stopping was not triggered
during this fine-tuning phase, as the validation loss
continued to decrease slightly through the final epoch.
The graphs show that the model learns well on the
training data while maintaining close validation
performance, suggesting it generalizes well and does not
overfit. The improvement across epochs reflects a
balanced learning rate and consistent optimization
process.
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Fig. 15. Confusion Matrix of TextCNN
after Fine-Tuning
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Fig. 16. Training and Validation Performance of the TextCNN Model after Fine-Tuning

* BERT Implementation:

The sentiment analysis pipeline begins by splitting
data into training and test sets using stratified sampling
to preserve class distribution. Tokenization was
performed using a BERT tokenizer to convert them into
ready input text to the model. These inputs are then
encoded into input_ids, attention_mask, and
token_type_ids. A pre-trained BERT model is configured
for sequence classification with sentiment classes using
Adam optimizer and categorical cross-entropy loss. The
model was pretrained on 12 422 tweets for 10 epochs
with a batch size of 32, a learning rate of 2e-5, and early

stopping with a patience of 3 applied to the validation
loss to avoid overfitting. The pretrained model was fine-
tuned on 3 475 human-annotated tweets to understand the
sentiment interpretation, and the parameters used were as
follows: batch size = 16, epoch = 10, learning rate=2e-6,
and early stopping (patience = 3) to ensure stable
convergence since the dataset is much smaller than the
previous one used in the pretraining phase. After training,
the model's performance was evaluated using various
metrics. Finally, predictions are visualized to assess how
well the model distinguishes between different sentiment
classes. This BERT model configuration leverages deep
contextual understanding of language.
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Fig. 17 and Fig. 18 present a comparison between
BERT model performance during the VADER
pretraining phase and after Fine-tuning on the human-
annotated subset. During VADER pretraining, BERT
achieved 90% accuracy with a balanced class
distribution, confirming that it effectively learned
sentiment features from VADER-labeled data. After
fine-tuning the human subset, the accuracy reached 84%,
indicating robust performance despite the dataset's
smaller size (3 475 tweets), with strong recall for Neutral
(0.85) and Positive (0.89) tweets. These values reflect
desirable refinement rather than performance loss
between the two phases. The small decrease in the
metrics demonstrates that the model became more
selective and context-aware. Overall, the two-stage
training successfully preserved BERT sentiment
knowledge from VADER and effectively adapted it for
human sentiment analysis, confirming the robustness of
the weak-to-strong supervision approach in this study.

The confusion matrix in Fig. 19 indicates that the
BERT model classified most tweets well within each
sentiment category, as presented in the diagonal values
(182, 202, 197), indicating a balanced across sentiments.
Misclassifications mostly occur between semantically
close categories: 33 Negative tweets were predicted as
Positive and 20 as Neutral, suggesting that statements
may contain words that confuse the classifier. 15 Neutral
tweets were misclassified as Positive and 21 as Negative,
reflecting the ambiguity of neutral expressions. Only a
small overlap is observed between the Positive and other
classes, indicating a strong ability to detect positive tone.
The matrix confirms that fine-tuning enabled BERT to

achieve a well-balanced class discrimination, with a clear
dominance of correct predictions. The model effectively
integrated human judgment while maintaining a robust
sentiment structure learned during the VADER
pretraining phase.

The loss vs epochs chart in Fig. 20 shows that the
fine-tuned BERT model rapidly converged within the
first few epochs. Although the validation loss fluctuated
between epochs 1 and 4, reflecting small adjustments in
the unfrozen layers as they adapt to human-labeled data,
it stabilized thereafter, indicating consistent
generalization. The early stopping mechanism was
activated at epoch 5, indicating that the model reached its
optimal state. The stability of these curves demonstrates
the effectiveness of the freezing strategy and the
learning-rate warm-up that allowed a controlled
adaptation of the model to the new data without sudden
changes in its pretrained weights.

* DistiBERT Implementation:

The DistilBERT model is a lighter, faster
alternative to BERT. It retains 97% of BERT’s language
understanding abilities while being more performant.
DistilBERT has fewer transformer layers (6 instead of
12), no token-type embeddings, and a smaller hidden
size, which significantly reduces training time and
memory consumption. In this implementation, a pre-
trained DistilBERT base is fine-tuned for sentiment
classification. The model accepts input IDs and attention
masks and processes them through the DistilBERT
encoder to compute the loss and optimize predictions.

Classification Report of BERT during VADER Pretraining
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Fig. 17. Classification Report of BERT during VADER Pretraining
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-L0
Negative
0.8
Neutral
Positive 062
5
8
2
Accuracy - 695.00 04 E
TE
Macre Avg 695.00
-0z
Weighted Avg . : 695.00
- 00

Pracision Recall Fl-score Support
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The model was trained in the pretraining phase with an
Adam optimizer (Ir=2e-5) and a batch size of 16. In the
fine-tuning phase, the model used a learning rate of 2e-6
and a batch size of 16 to slowly refine its representations
and prevent overfitting. DistilBERT is approximately
half the size of BERT and uses approximately half the
GPU memory. We used early stopping with patience 3
over 10 epochs on the validation loss, and dropout to
manage overfitting. This streamlined architecture makes
it suitable for quick experimentation and deployment in
environments with limited resources while still achieving
notable performance.

In the classification report of VADER pretraining
phase shown in Fig. 21, DistilBERT achieved an
accuracy of 91% with high precision and recall across all
classes. This indicates that the model successfully
captured the sentiment structure from the VADER-
labeled corpus. During the human fine-tuning phase, the
classification report in Fig. 22 shows that the model
maintained strong performance, achieving an accuracy of

Positive

Accuracy -

Macro Avg

Weighted Avg

Precision Recall

84%. As human annotations introduce greater linguistic
diversity and reduce label bias compared to the
automated VADER labels, the gap in accuracy between
the two phases was expected. Notably, recall for positive
(0.90) and neutral (0.84) tweets reflects strong adaptation
to contextual and emotional signals absent in lexicon-
based labels. The fine-tuning stage enabled DistilBERT
to better align with human-labeled sentiment nuances.

The confusion matrix in Fig. 23 indicates that after
fine-tuning, DistilBERT achieved well-balanced
alignment among sentiment classes. The correctly
classified samples fall along the diagonal, with 199
tweets in the neutral and positive classes and 188 tweets
in the negative class. The limited error dispersion
suggests that DistilBERT learned to manage context
dependency in expressions. Misclassified examples are
primarily concentrated between adjacent polarities,
where sentiment is weakly expressed (mildly positive or
negative opinions), as expected in short, informal tweet
language.
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Fig. 21. Classification Report of DistilBERT during VADER Pretraining
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Fig. 24. Training and Validation Performance of the DistiIBERT Model after Fine-Tuning

The training and validation losses in Fig. 24
decrease steadily before stabilizing at epoch 9, when
early stopping is activated. The validation accuracy was
higher than the training accuracy (0.84-0.85), confirming
that the model generalized consistently and avoided
overfitting. The smooth convergence of both curves
highlights the effectiveness of the fine-tuning setup (4
frozen layers, small learning rate, and batch size of 16),
allowing DistilBERT to accurately match human
sentiment while maintaining its pretrained knowledge.

* RoBERTa Implementation:

To train the RoBERTa model for the sentiment
classification task, the first step is to tokenize the input
text that requires input IDs and attention masks.
Therefore, the data are well encoded, and the model is

initialized with the appropriate number of output labels.
The model is compiled in the pretraining phase with the
Adam  optimizer at 2e-5 learning_rate and
CategoricalCrossentropy and trained with a batch_size of
32 over 10 epochs using Early Stopping in the training to
avoid overfitting with a patience equal to 3. In the Fine-
tuning stage, the batch size was updated to 16 and the
learning rate to 2e-6 with the same number of epochs and
patience, as the dataset in this step has a small size.
Performance is monitored using validation loss, and the
RoBERTa model is evaluated on test data to assess its
predictive quality.

The RoBERTa classification report in Fig. 25
achieved an overall accuracy of 92% during the VADER
pretraining phase with balanced precision, recall, and
Fl-score of 0.92 each. All sentiment classes were
correctly recognized, with slightly higher recall for
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positive (0.94) and negative (0.92) tweets, confirming
RoBERTa's robust ability to capture polarity from
lexicon-based VADER labels. The model effectively
learned general sentiment patterns before human fine-
tuning.

After fine-tuning the 3 475 human-annotated
tweets, the accuracy decreased to 85%, with the macro-
averaged precision, recall, and F1-score all at 0.85 (Fig.
26). This moderate reduction is expected because human
labels capture a more nuanced and sentimental meaning
than those generated by VADER.

The confusion matrix in Fig. 27 confirms this
impressive performance, indicating that most instances
were correctly classified. Positive (201/222) and Neutral
(195/238) tweets were recognized with high accuracy,
demonstrating the model’s ability to capture both
emotional polarity and contextual neutrality. Overall,
RoBERTa exhibits reliable classification behavior, with
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errors arising from the ambiguity between the Neutral
and Negative expressions.

The model charts in Fig. 28 illustrate the stable
convergence of ROBERTa during fine-tuning. Training
accuracy progressively rises, while validation accuracy
improves quickly in the first epoch and then stabilizes
around 82-83%, and the model adapts rapidly to the
human-labeled data. After several epochs, the training
loss keeps decreasing, while the validation loss stops
improving, showing that the model begins to reach its
optimal capacity. The model signals the start of
overfitting on epoch 7, so the model is stopped to provide
the best balance. The figure emphasizes the advantage
provided by the freezing strategy (first 8/12 layers) and
learning-rate warm-up, which allowed RoBERTa model
to learn quickly and manage new examples and unseen
tweets well.

10

1864.00

Normalized value

1864.00
-02

0.92 1864.00

-0.0

Fl-score Support
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Negative

Neutral

Positive

Accuracy -

Macro Avg

Weighted Avg

Precision Recall

10

0.8

=
=

Normalized Value

T
=
=

-02

-0.0

Fl-score Support

Fig. 26. Classification Report of ROBERTa after Human Fine-Tuning
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3.2. Baseline: Trained models only on Human
Labeled Tweets

In this part of the study, we trained the TextCNN,
BERT, DistilBERT, and RoBERTa models on 3 475
tweets that were manually annotated without relying on
VADER tool. This methodology was used to evaluate the
yields of the proposed two-phase training strategy. The
baseline shows substantially lower results due to the

small size of the dataset used in this step, as shown in
Table 5: TextCNN and BERT models achieved an
accuracy of 69% for each, while DistilBERT and
RoBERTa performed better in accuracy with 78% and
75%, respectively. The results obtained fully confirm the
necessity of the two-phase approach and the
improvements it provides to the performance metrics of
TextCNN and Transformer-based models, as illustrated
in Fig. 29.

Table 5
Models’ performance in the Baseline (Only Human-Annotated) training
MODEL ACCURACY F1-NEGATIVE | F1-NEUTRAL | F1-POSITIVE MACRO-F1
TextCNN 0.69 0.66 0.73 0.69 0.69
BERT 0.69 0.72 0.67 0.67 0.69
DistilBERT 0.78 0.79 0.79 0.75 0.78
RoBERTa 0.75 0.77 0.77 0.70 0.75
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Accuracy Comparison Between Baseline and Two-Phase Training
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Fig. 29. Comparison of models Accuracy in baseline and two-phase training

3.3. Performance Evaluation

This study presents and compares the performance
of four different natural language processing models,
namely, TextCNN, BERT, DistilBERT, and RoBERTa,
on a multi-class sentiment classification task with three
labels: Positive, Negative, and Neutral. The comparison
focuses on various evaluation metrics, including
Precision, Recall, F1-score, and overall Accuracy, as
well as additional indicators, such as confusion matrices
and training time, to enhance semantic accuracy across
both the VADER pretraining phase on 12 422 tweets and
the fine-tuning stage on 3 475 human-annotated tweets.
All models were trained under comparable experimental
settings during the two learning phases to ensure
transparent comparison, as illustrated in Table 3 and
Table 4. Minor differences such as the number of frozen
layers or batch size were adjusted to match the
computational capacity of each model.

Let us start with TextCNN, a lightweight
convolutional neural network for text. The model
achieves an accuracy of 0.72, but it shows weak
performance on the Negative sentiment with an F1-score
of 0.61 when trained on a small human-labeled dataset.
This behavior is expected given that TextCNN relies only
on training data, without a large-scale pretraining, as in
the case of the Transformers architecture. The BERT
model performed best in the neutral class (F1-score:
0.86) with an overall accuracy of 0.84, indicating that the
model is more stable and shows strong generalization
across all sentiment classes. DistilBERT gives a
competitive performance with an overall accuracy of
0.84 and F1-score=0.84, confirming that model
compression preserved most of BERT’s strengths while
reducing computational costs. Finally, ROBERTa was the

best overall performer with 0.85 accuracy and perfectly
balanced F1-scores of 0.83 (Negative), 0.86 (Neutral),
and 0.85 (Positive). These outcomes confirm that the
fine-tuning phase notably improved the contextual
alignment of all transformer-based models, while
RoBERTa offered the most stable and precise sentiment
discrimination.

The analysis demonstrates that ROBERTa is the top
performer in terms of accuracy, delivering strong results
across all sentiment classes due to its dynamic masking
and large-scale pretraining. DistilBERT achieved
equivalent performance while significantly reducing
training time and computational costs compared with
RoBERTa and BERT, making it a compelling choice.
Although BERT remains highly competitive, it is more
resource-intensive than DistilBERT. TextCNN performs
the worst among the models.

Tables 6 and 7 and Fig. 31 provide a benchmark for
training configurations and computational performance
for TextCNN, BERT, DistilBERT, and RoBERTa
models. TextCNN achieved the fastest training time,
making it suitable for quick tasks with simple
architecture. Although all models used the same
maximum sequence length of 100 tokens (Fig. 30) to
ensure that every tweet could be represented without
truncation while avoiding unnecessary padding, BERT
and RoBERTa require longer training times because of
their deeper architecture and larger attention layers.
DistilBERT offers a balanced alternative. The
differences in the number of epochs reflect the early
stopping mechanism and each model’s complexity.
Overall, Transformer models, such as BERT,
DistiBERT, and RoBERTa, demand higher
computational resources because of their attention-based
understanding mechanisms, which are absent in simpler
CNN models, such as the TextCNN model.
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Table 6
Model training parameters during VADER Pretraining phase (12 422 tweets)
BATCH | LEARNING
MODEL SIZE RATE EPOCHS | OPTIMIZER LOSS FUNCTION
TextCNN 32 le-04 10 Adam CategoricalCrossEntropy
BERT 32 2e-05 10 AdamW SparseCategoricalCrossEntropy
DistilBERT 16 2e-05 10 Adam Categorical CrossEntropy
RoBERTa 32 2e-05 10 Adam Categorical CrossEntropy
MAX EARLY PRETRAINED DROPOUT TRAINING
SEQUENCE STOPPING MODEL RATE HARDWARE TIME
LENGTH
100 Yes (epoch=3) N/A 0.5 Colab GPU (T4) 32.73 sec
100 Yes (epoch=5) bert-base-uncased 0.2 Colab Pro (A100) 281.26 sec
100 Yes (epoch=2) | distilbert-base-uncased 0.2 Colab Pro (A100) 164.71 sec
100 Yes (epoch=9) | roberta-base-uncased 0.2 Colab Pro (A100) 345.40 sec




Machine learning and intelligent systems

159

Table 7
Model Fine-Tuning parameters on 3 745 Human-Annotated Tweets
MODEL BATCH | LEARNING | TRAINING FROZEN WARM-UP EARLY
SIZE RATE TIME LAYERS RATIO STOPPING
TextCNN 32 le-04 10.65 sec N/A N/A Yes (epoch=9)
BERT 16 2e-06 91.78 sec 8/12 (67%) 0.1 Yes (epoch=5)
DistilBERT 16 2e-06 36.55 sec 4/6 (67%) 0.1 Yes (epoch=9)
RoBERTa 16 2e-06 90.81 sec 8/12 (67%) 0.1 Yes (epoch=7)
4. Discussion Data domain and apply the same pipeline with slight

The comparative evaluation in this work focuses on
TextCNN and Transformer-based models (BERT,
DistilBERT, and RoBERTa), examining their
architectures and how their results are generated,
leveraging the strengths of each. Transformer models
outperformed TextCNN because they can capture long-
range dependencies and contextual meaning, which
TextCNN cannot. A two-phase training strategy was
performed that proved beneficial for Transformers. We
started by pretraining the models on VADER-labeled
tweets, then fine-tuned them on the human-annotated
tweets. ROBERTa achieved the highest overall accuracy
of 85%, followed by BERT and DistilBERT. The
freezing strategy showed that preserving 67% of BERT
and RoBERTa encoder layers and 50% of DistilBERT’s
encoder layer yielded the best stability and adaptation in
performance metrics.

Although we used this approach, some
misclassifications still occurred during the test phase, as
shown in the confusion matrices. Error analysis arises
from linguistically complex sentences, such as sarcastic
praise, implicit sentiment, and mixed-polarity tweets. For
example, “Am holding an Election Day discussion about
the crucial battle in Wisconsin today” was predicted as
Negative after training, but it was classified Neutral in
our original dataset. In contrast, “Let’s go! I need an Ulta
trip too” is predicted to be Neutral, but its true label is
Positive. This weakness in this approach highlights the
limitations of both VADER lexicon-generated labels and
the small human-annotated dataset.

These findings suggest that Transformer
architectures, especially ROBERTa, are well-suited for
sentiment analysis when applied to trending Twitter and
X topics characterized by unstructured, informal
phrasing. The two-phase training strategy increases both
accuracy and macro F1-score for Transformer models,
providing additional performance gains that confirm the
effectiveness of our proposed approach. Future
extensions of this work should include a larger dataset
with domain-specific pretraining to move into the Big

adjustments.

5. Conclusion

This study provides a comprehensive sentiment
analysis on widely trending tweets collected from the X
platform, focusing on both Convolutional Neural
Network particularly TextCNN, and Transformer-based
models (BERT, DistilBERT, and RoBERTa) to classify
tweets into positive, negative, and neutral categories. The
preprocessing pipeline was implemented in the Apache
Spark NLP library to facilitate and accelerate the
scalable, efficient processing of tweet data through
distributed computation, followed by exploratory
visualizations and charts to gain deeper insights into the
dataset’s structure and the distribution of sentiment-
labeled data. Each model was evaluated based on
standard classification metrics and confusion matrices.

The comparative analysis reveals that ROBERTa
outperformed the other models, achieving the highest
scores across most evaluation metrics and demonstrating
strong ability to capture the contextual sentiment of short,
informal texts. In addition, RoBERTa consistently
demonstrated robust performance across epochs, albeit
with higher computational costs. This trend was observed
across all Transformer-based models due to the
enormous number of parameters and self-attention
mechanisms, which require more resources and training
time than simpler architectures such as TextCNN.

The study successfully achieved its main objective
of improving sentiment classification performance and
identifying the model with the highest accuracy across
the metrics we evaluated. The results demonstrate the
effectiveness of the proposed strategy, which pretrains
models on VADER-generated weak labels before fine-
tuning on human-annotated tweets. This methodology
produced significant performance gains, enhancing the
overall accuracy and reliability of the final sentiment
predictions, which more closely aligned with human
interpretation.
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Several promising directions could be pursued for
future work. Domain-specific fine-tuning, in which
transformer models are adapted to specific contexts and
sectors to improve sentiment interpretation, is a key
extension. The work can be extended to the management
of multilingual tweets, considering the diversity of users
on social media.
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AHAJII3 HACTPOIB MO YJISIPHUX TBITIB I3 BUKOPUCTAHHSIM SPARK NLP
TA TJIMBUHHOI'O HABYAHHS: IIOPIBHSAJIBHE ILOQJIIIDKEHH}I CNN
TA TPAHC®OPMEPHUX MOJIEJIEA
Illaiima benamani, Xacan baoi, Imao baoi, A3i3 Xamocane

IIpeameTom HBOro AOCHIIAKEHHS € BIPOBAPKEHHS PI3HUX MOJIENIEH aHai3y CEeHTUMEHTY, TOCIIKeHHS IXHIX
TEOPETUIHUX OCHOB, HANIWHUX KPHUTEPIiB OLIHIOBAHHS Ta CYTTEBHX PE3YABTATIB i3 IHTETpaIi€lo METONiB 00poOKH
MIPUPOAHOI MOBU ISl TOMEpPENHBOI OOpOOKM MaHuX, 310paHMX i3 COLiaJbHUX MEpPEeK — OCHOBHOTO JDKepena
iHpopmariii. Mera poOOTH MONSATAE Y MPEACTABICHHI MOMITHOTO MPOrpecy B Kiacudikaiii CEHTUMEHTY MUISTXOM
3aCTOCYBaHHS IHHOBAIIMHUX MoJeJel, Takux sK 3ropTkoBi HeiiponHi Mepexi (CNN) Ta apxiTeKTypu Ha OCHOBI
Transformer — BERT, DistilBERT i RoBERTa, i3 Bukopuctanusm Spark NLP st monepeatsoi 06pookn. OcHOBHI
3aBJaHHS BKJIIOYAIOTh: 30ip Habopy manux i3 Twitter/X i3 GokycoM Ha IIOJEHHUX TPEHIOBUX TeMaX; BUKOHAHHS
KpOKiB moriepe1Hp01 00pooku 3a mormomororo Spark NLP — mpoBinHoi Ta MacmraboBasoi 6i6miorexku NLP, ctBopenoi
Ha 0a3i Apache Spark mns edexTuBHOI 00pOOKH BETMKOMACIITAOHNX TEKCTOBUX JAHWX; 3aCTOCYBaHHS JIEKCHKOHHOI
Momeni VADER 1 Bu3Ha4eHHsI TOJSAPHOCTI KOXHOTO TBITa; momepenHe HaB4daHHA Mozeneid TextCNN Ta
Transformer Ha ocHoBi neti6niB VADER npu omHakoBHX mapaMeTpax; TOHKE HaJAIITYBaHHS MOZEICH Ha BPYJHY
AHOTOBAaHUX TBITAaX; MOPIBHAHHS iXHBHOI €(EKTHBHOCTI B 3aJadax KiIacHU(ikalii CeHTUMEHTY, OLiHKAa CHJIBHHUX Ta
CITA0KMX CTOPiH, a TAKOXK 3araJlbHOi MPOAYKTHBHOCTI, III0 MOXE JOTIOMOT'TH Y BUOOpI MOJIENi B yMOBaX OOMEKEHIX
pecypcis. Bukopuctani metoau BkirogaroTh Spark NLP-naiimnaitnu, caGky neiioimizaliito Ha OCHOBI JIEKCHKOHY Ta
nBo(azHe CylepBi3OBaHE HaBYaHHS 3ropTKoBHX HelpoHHHX Mepex (TextCNN) i momeneir Ha ocHOBI Transformer
(BERT, DistilBERT, RoBERTa) i3 3actocyBaHHSIM CTpaTerii paHHbOi 3yHNHHKH Ta MOCTYIIOBOTO HAPOIIYBaHH S
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IIBHKOCTI HaBYAHHS, a TAKOX TOPIBHSUILHUX METPHK OLIHIOBaHHA. Xoua HaOip manux (12 422 TBiTH, 3 sikux 3 475
BpYYHY aHOTOBAHO) HE € BEJIMKHM 3a oOcsirom, BukopucTaHHs Apache Spark y mpomy mocmimpkeHHi 3a0e3mnedye
po3noniieHy oOpoOKy MaHWX i NEMOHCTPYE MacCIITaOOBAaHICTh JIs MaiOyTHIX, OLTBIIMX MacuBiB. Pe3yiabraTn
moKa3ay, o Mojaen Ha ocHoBi Transformer mepeBeprmmny TextCNN 3a TOYHICTIO Ta CTIHKICTIO KJTacHU(iKaIlii:
RoBERTa nocsrna naiiBumoi Tounocti (85%), mani iayte BERT i DistilBERT (84%), Toxi sik TextCNN mocsirina
72%. DistiIBERT 3a0e3neuye O6anaHc MiX SIKICTIO IPOrHO3YBaHHS Ta 00YHMCITIOBAIBHOIO epeKTHBHICTIO. BUCHOBKH.
HaykoBa HOBH3HA [IHOTO JIOCIHKEHHS TOJIATAE B iHTErpallii mornepeaapoi 00podku Apache Spark NLP, a Takox y
6enumapkinry moneneir CNN i Transformer, HaBueHNX Ha TPEHAOBHX TBITaX y riOpuaHil qBOGa3Hii cTparerii, mo
MOEHYE CI1a0KUM JIGKCUKOHHUIN CYTIEPBi30p 13 PYyYHOIO aHOTAIIIEIO B I[CHTUYHUX CKCIIEPUMEHTATBLHUX YMOBaXx, adu
Ha/JaTH METOJWYHI BUCHOBKHM Ta IpPaKTHYHI pEeKOMEHAalii II0J0 BHOOPY BIINOBIAHUX Mojeneill Juii 3amad
KJacudikauii CeHTUMEHTY.

KurouoBi ciioBa: anani3 ToHanmsHOCTi; Apache Spark NLP; comianshi Memia; TextCNN; aBoOiuHI eHKOIEpHI
noaanHs Ha ocHoBi TpaHchopmepi (BERT); DistilBERT; RoBERTa; nBoerante HaBYaHHS; ClTa0KUIA HATIISII.
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