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Abstract 

As social media networks like Twitter and Facebook rapidly multiply, huge quantities of user-

created content have made it possible to gain a real-time sense of the opinions held by the 

masses. The comprehension of this feeling is vital to many spheres, such as market research, 

political analysis, and crisis management. Sentiment Analysis (SA) allows deriving emotion and 

opinion-guided information out of the texts, but standard machine learning models have had 

problems coping with informality and contextual richness of social media language. This paper 

discusses the use of fine-tuned Bidirectional Encoder Representations from Transformers 

(BERT) as a sentiment classification mechanism to social media text. The BERT model was fine-

tuned and tested on a multi-class sentiment task using the Sentiment140 as a large corpus of 

labeled tweets. The model had an accuracy of 88 percent and had a macro-averaged F1 score 

of 87.3 percent, which was highly above what is offered by conventional algorithms like Naive 

Bayes and Support Vector Machines. Findings suggest that bidirectional properties of the BERT 

attention process provide more contextual values of sentiments, particularly in latent and 

borderline phrases. It is therefore the truth that transformer-based models are effective in 

sentiment analysis and indicate that fine-tuned BERT is scalable and more accurate for the 

classification of public opinion in the social media setting. 
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Introduction  

The rapid growth of social media platforms has 

resulted in an immense volume of user-generated 

content, offering a direct and unfiltered insight into 

public opinion. Sentiment analysis (SA) serves as a 

crucial tool for interpreting this data by identifying and 

classifying emotional tone within text. It has found 

widespread use in areas such as brand monitoring, 

political analysis, and public health surveillance. 

Recent advancements in Natural Language Processing 

(NLP) have introduced transformer-based models, 

notably Bidirectional Encoder Representations from 

Transformers (BERT), which have significantly 

improved the performance of various text analysis 

tasks. BERT’s deep contextual understanding and 

bidirectional training approach allow it to grasp subtle 

linguistic features, making it well-suited for sentiment 

classification. 

 BERT model for social media sentiment analysis is 

crucial for businesses and researchers because its 

contextual understanding of language allows for higher 

accuracy in identifying sentiment, including nuanced 

tones like sarcasm, which can lead to better business 

decisions, improved customer engagement, and deeper 

insights into public opinion on various topics, from 

product performance to public health issues. While 

traditional machine learning models like Naive Bayes 

and Support Vector Machines have been applied to 

sentiment analysis, they often fall short in capturing 

context and nuance, particularly in informal online 
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 language. The advent of deep learning, particularly 

transformer-based architectures, has greatly improved 

text understanding. Bidirectional Encoder 

Representations from Transformers (BERT), 

introduced by Devlin et al. (2019), revolutionized 

natural language processing by enabling context-aware 

modeling. This study aims at exploring fine-tuned 

BERT for sentiment classification on Twitter data. 

Many studies showed that sentiment analysis is 

beneficial for experts interested in examining public 

opinion such as economists, politicians, business 

owners, etc. Thus, many sentiment analysis 

applications and systems were developed. They 

trained on traditional evaluative textual data as well as 

on non-traditional texts such as messages and social 

media tweets. The importance of designing automatic 

systems and applications capable of analyzing, 

detecting and extracting the feelings and opinions of 

individuals expressed on social networks emerged 

(Nadia Smairi et al., 2024) 

The research is based on the Theory of Natural 

Language, understanding that supposes the idea that 

machines may understand human language through 

learning using large text corpora and acquisition of 

linguistic context (Jurafsky & Martin, 2021). 

Sentiment analysis is a subdiscipline of natural 

language processing (NLP), which applies 

computational models in identifying, and interpreting 

emotions in text. Conventional methods, including the 

Bag-of-Words and the TF-IDF model, emphasize 

language as a collection of unstructured authorized 

units without a consideration of word order and 

semantics (Manning et al., 2008). Conversely, the deep 

learning architecture, such as BERT, pivots on the 

transformer multi-head attention model considering 

self-attention and contextual relations existing 

between words (Vaswani et al., 2017). The 

bidirectionality of BERT makes it take into account 

both left and right context of a sentence, making the 

prediction of the sentiment nuanced. This framework 

supports the application of fine BERT models in order 

to improve the accuracy and relevance of sentiment 

classification in the social media. 

Sentiment analysis (SA) has become one of the central 

activities in natural language processing (NLP), 

particularly amid the production of user-generated 

content through social media such as Twitter, 

Facebook, and Instagram. More traditional approaches 

where Support Vector Machines (SVMs), Naive Bayes 

classifiers and logistic regression dominated and 

where feature engineering like TF-IDF or n-grams 

played a significant role have been commonly used 

across related studies on SA in the past (Pang & Lee, 

2008). Although they are effective to some extent, 

such approaches tend not to capture nuances of 

semantics, sarcasm, and change in context common in 

texts in social media. 

The current developments in the field of deep learning, 

especially transformer-based models, have 

enormously improved the functionality of the SA 

systems. BERT (Bidirectional Encoder 

Representations Transformers) by Devlin et al. (2019) 

broke a new ground in NLP by facilitating the 

knowledge of deep bidirectional contexts via attention. 

In contrast to the traditional models, the left and right 

context is captured simultaneously in BERT, and thus 

it is specially applicable in processing short, noisy, and 

ambiguous data as tweets. 

A multitude of papers have confirmed the better 

performance of BERT in comparison to its 

predecessors in SA tasks. An example is that Sun et al. 

(2019) finetuned BERT on multiple sentence 

classification tasks and demonstrated significant gains 

over public datasets such as SST-2 and IMDB among 

others. On the same note, the authors, Akbik et al. 

(2020), found out that BERT shows superiority over 

LSTM-CRF models in Twitter sentiment analysis 

applications, showing superior generalization to 

language of a specific domain. Such evaluations have 

been central to the Sentiment140 dataset, one of the 

most widely used Twitter benchmarks which consists 

of 1.6 million tweets categorized into positive, 

negative, or neutral examples. First reported was Go et 
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 al. (2009) of approximately 77 percent accuracy rate 

on a maximum entropy classifier in distant 

supervision. However, the later foundations, based on 

BERT, scored higher than 85 percent on the same 

dataset (Jiang et al., 2020). 

Regardless of its success, BERT experiences some 

limitations to be used in the social media SA. Among 

them, there is informal language, emojis, 

abbreviations, and domain shifts (Rietzler et al., 2020). 

Besides, fine-tuning is computationally demanding, 

and little, noisy datasets can cause overfitting. The 

presented project alleviates these limitations by 

training a fine-tuned version of the BERT model on a 

mini-dataset generated especially and measuring the 

training and validation progress. 

Through setting this study in the framework of 

benchmark datasets, model advancements and field 

issues, it offers a basic but demonstrative account of 

the efficiency of BERT in social media sentiment 

analysis. 

Methodology 

The study uses an experimental design to determine 

the efficiency of a fine-tuned BERT model in 

analyzing sentiments on social media data, and more 

so, Twitter. 

Data Collection 

One of the main datasets employed in this research is 

the Sentiment140  

(https://huggingface.co/cardiffnlp/twitter-roberta-

base-sentiment-latest), which comprises 1.6 million 

automatically categorized tweets that are either 

positive, neutral, or negative (Go, Bhayani, and 

Huang, 2009). As an addition to this, during the 

process of demonstrating model interpretability and 

generalization, a small manually collected amount of 

10 tweets was collected. 

 

 

Data Preprocessing 

The text data in raw form (primary data) was clean 

from it noise (user mentions, URLs, emojis, non-

alphanumeric characters). The tweets were 

subsequently tokenized with a Bert-base-uncased 

Hugging face tokenizer and the sequences of tokens 

shortened or extended to up to 128 tokens (Wolf et al., 

2020). 

Mathematical Representation of the BERT Model 

𝐷 = {(𝑥(𝑖), 𝑦(𝑖))}
𝑖=1

𝑁
  be a dataset of N tweet samples 

m where 𝑥(𝑖)Is the input tweet (tokenized) and 

𝑦(𝑖)𝜖{0,2} 𝑖s the sentiment label (negative, neutral, 

positive) 

BERT Encoding: 

Each input 𝑥(𝑖) is first tokenized and passed through 

BERT to get contextualized embeddings: ℎ𝑖 =

𝐵𝐸𝑅𝑇(𝑥(𝑖))𝜖ℝ𝑑 

Where ℎ𝑖  is the embedding corresponding to the 

[CLS] token (summary representation) and d is the 

hidden size (typically d=768). 

Linear Classification Layer: 

A softmax layer is applied to map BERT outputs to 

class probabilities: 

𝑦̂(𝑖) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑊ℎ𝑖 + 𝑏) 

Where  𝑊𝜖 ℝ3 𝑋 𝑑 , 𝑏𝜖ℝ3 , 𝑎𝑛𝑑 𝑦̂(𝑖)𝜖ℝ3 is the 

predicted probability distribution 

Cross-Entropy Loss Function: 

The model is optimized using the categorical cross-

entropy loss: 

ℒ = −
1

𝑁
∑ ∑ 1⌊𝑦(𝑖)=𝑐⌋𝑙𝑜𝑔𝑦̂𝑐

𝑖
3

𝑐=1

𝑁

𝑖

 

Where 1⌊𝑦(𝑖)=𝑐⌋ is an indicator function that 1 if class 

c is the true label for sample I and 0 otherwise 
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 Model Training 

The framework is BERT (Bidirectional Encoder 

Representations through Transformers), which is pre-

trained and fine-tuned in regard to sequence 

classification with three sentiment labels: positive, 

neutral, and negative (Devlin et al., 2019). The data 

was then divided into 80 and 20 percent training and 

testing respectively. Five epochs, a batch size of two, 

AdamW optimizer with a learning rate of 2e-5 were 

used to fine-tune the model. 

Evaluation Metrics 

Accuracy and F1 based on macro-average were the 

measures of performance which are suitable in multi-

class classification problems based on class imbalance 

(Manning, Raghavan and Schutz, 2008). Further, 

training and validation loss curves were plotted to 

determine the convergence of the model and 

overfitting. 

Instruments and Facility 

The code was executed in Python programming 

language in Google Colab. Transformers and Datasets 

(Hugging Face) as well as PyTorch, scikit-learn, and 

Matplotlib for visualizations are the key libraries to 

consider. 

Flowchart 

The following is the graphical illustration of the 

workflow adopted in the study:

 

 

Figure 1:  Workflow  

Result   

In this section, the authors represent the results of its 

fine-tuned BERT model in sentiment classification of 

social media data. These are accuracy, F1 score 

(macro), and loss as assessment measures, and the 

numbers of training dynamics during several epochs 

are provided in below: 

To measure the training stability, the accuracy and loss 

was monitored during epochs to assess the 

generalization. Plotted in Figure 3, training and 

validation accuracy continually rose proving that there 

was minimal overfitting and the model was well 

trained.
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Figure 2: Trends of Accuracy and Loss 

These results presented in this table confirm that 

BERT significantly outperforms classical models 

based on a 6-8 percentage point margin, including 

ones such as NB and SVM, which eventual failure is 

justified by assertions regarding its help in increased 

contextual knowledge and effective generalization in 

social media sentiment analysis process. 

 

Table I: The results of Accuracy and Loss 

Epoch Training Accuracy Validation Accuracy Training Loss Validation Loss 

1 72% 70% 0.55 0.58 

2 84% 82% 0.32 0.35 

3 88% 87% 0.21 0.24 

 

Table II: BERT outperformed NB AND SVM                                                                                            

Model Feature Type Reported Accuracy 

(%) 

Source 

Naive Bayes (NB) Unigram TF-IDF 77.20% Go et al. (2009) 

SVM Unigram + Bigram TF-IDF 79.00% Go et al. (2009); Jiang et al. 

(2020) 

BERT (Base, 

uncased) 

Pre-trained, fine-tuned 85.60% Jiang et al. (2020) 

 

The assessment of all models was done on the 

Sentiment140 dataset either with the original or 

similar 80/20 train/test set ups. Basic preprocessing 

and TF-IDF features have provided training of Naive 

Bayes and SVM. BERT was retrained using three 

epochs, the maximum sequence length of 64, batch 

https://fpiwitedjournal.federalpolyilaro.edu.ng/


 

    

 

Mustapha & Alawode (2025) 39 

 

 

International Journal of Women in Technical Education and Employment                                

ISSN: 2811-1567. Volume 6 – Issue 2.  December 2025 

https://fpiwitedjournal.federalpolyilaro.edu.ng  

 

 

 

 size of 32, and learning rate of 2e-5. This is the result 

of the BERT model after training on the Sentiment140 

with five training epochs (and extended with a small 

custom tweet dataset).

Table III: The Model performance 

Metric Score 

Accuracy 88.00% 

F1 Score (Macro) 87.30% 

Training Loss 0.21 

Validation Loss 0.24 

 

The high accuracy and F1 score indicate strong performance in correctly classifying tweets across all three sentiment 

classes: positive, neutral, and negative. 

 

Figure 3: Sentiment Classification 

Sample Predictions 

Table IV: Forecasts of the fine-tuned model about never-before-seen tweets concerning the self-compiled dataset. 

Tweet Predicted 

Sentiment 

Confidence 

"I hate waiting in line for so long!" Negative 92% 

"Had an amazing time at the concert!" Positive 94% 

"The movie was okay, not great but not bad either." Neutral 89% 

"Customer service was terrible. I'm never coming back!" Negative 96% 

 

These forecasts indicate the capability of the model to 

differentiate between sentiments such as 

inflammatory, also in less specific or context-sensitive 

cases. 

https://fpiwitedjournal.federalpolyilaro.edu.ng/


 

    

 

Mustapha & Alawode (2025) 40 

 

 

International Journal of Women in Technical Education and Employment                                

ISSN: 2811-1567. Volume 6 – Issue 2.  December 2025 

https://fpiwitedjournal.federalpolyilaro.edu.ng  

 

 

 

 Interpretation 

Findings support the fact that the fine-tuned BERT 

model is better than classic machine learning in 

sentiment classification as it was previously 

discovered (Sun et al., 2019). BERT bidirectional 

attention mechanism helps it to learn subtle contextual 

relationships, as such achieving better predictive 

performance, especially when neutral sentiments are 

processed more accurately, which are usually 

mislabeled in other models (Devlin et al., 2019). 

Discussion 

The findings of the present research show that the fine-

tuned model of BERT models works at a very high 

level when classifying social media text sentiments. 

The model achieved an overall accuracy of 88 percent 

and a macro-averaged F1 score of 87.3 percent, which 

is higher than the performance of the conventional 

machine learning algorithms normally utilized in 

sentiment analysis, including the Naive Bayes and 

Support Vector Machines models, which have low 

performance scores since they have limited contextual 

information (Manning et al., 2008). 

Among the reasons this high performance exists, it is 

possible to point out the so-called bidirectional 

transformer architecture of BERT that allows it to 

examine the full context of a word by considering both 

its left and right context when training (Devlin et al., 

2019). This is especially so in texts that are shorter and 

less formal like those in tweets where the sentiment is 

most of the time implied but not obvious. 

The accuracy and the loss patterns during the training 

and validation periods were stable and provided no 

evidence of overfit. As the results indicated in Table 1 

and Figure 1, the accuracy was consistently growing, 

whereas the loss steadily decreased through the 

epochs, which implies that the model has generalized 

its performance well considering the relatively low 

volume of the test set. 

Also, the high performance of the model on neutral 

sentiment classification, which is a challenging task in 

several conventional models, is the evidence of the 

power of deep contextual embeddings over a bag-of-

words or TF-IDF representation (Sun et al., 2019). 

This feature is especially important in practice where 

the differentiation between the neutral and polar 

attitudes matters, as observed with the customer 

feedback or opinions tracking or a political polling. 

It should be mentioned, though, that the quality and 

size of a dataset might affect the BERT performance. 

Although, the datasets used in this research 

(Sentiment140) was well labelled, there is likelihood 

that data in actual social media is noisier, saturated 

with sarcasm and language ambiguity that can affect 

accuracy. Moreover, BERT is preceded by arduous 

training and thus may not be practical where the 

resources are meager. 

Conclusion 

This paper has attempted to study the efficacy of fine-

tuned Bidirectional Encoder Representations from 

Transformers (BERT) model to sentiment 

classification on social media data. Using the 

Sentiment140 and a series of fine-tuning steps which 

were based on a systematical process, the model 

demonstrated high level of accuracy of 88% and 

macro-averaged F1 score of 87.3%, and proved to be 

better than the conventional methods of sentiment 

analysis like Naive Bayes and Support Vector Mashes 

as well (Manning et al., 2008). 

The findings were affirmative since the model 

capacity to capture both forward and backward context 

of BERT contributes greatly to clarifying subtle and 

informal language that is prevalent in tweets. This 

semantics is particularly insightful when identifying 

neutral feelings, which presents some of the most 

prevalent issues within sentiment analysis 

assignments (Devlin et al., 2019). 

Though performance is great in the model, there is 

need to put in consideration computational 

requirement and availability of clean representative 

training data. Future oriented developments can 

https://fpiwitedjournal.federalpolyilaro.edu.ng/
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 include the multilingual version of BERT (mBERT) or 

transformer types specific to a domain to enhance the 

context of sentiment identification in different 

contexts and different languages. 

To sum up, fine-tuned BERT models are an effective, 

scalable sentiment analytics on social media that show 

potential in further use and opinion mining, PR, and 

political speech tracking. 
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