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| ABSTRACT 

Sentiment Analysis is important to analyze consumer feedback especially in the social media where large amounts 

of data are being created every day. The paper explores how BERT (Bidirectional Encoder Representations from 

Transformers) a state of the art deep learning model may be used to analyze the sentiment of social media posts on 

consumer products. We use BERT on a customer review case study on Twitter, Instagram, and Facebook of a well-

known consumer product. The analysis categorizes the sentiment into three namely, positive, neutral and negative 

giving an insight about the consumer sentiment. This paper presents a research proposal to a new sentiment 

analysis system with BERT networks to classify consumer review texts in the e- commerce Big Data setting. First, the 

author applies the pre-trained model of BERT to unlabeled text allowing the retrieval of more informative and 

contextually informed word embeddings. These embeddings are feature vectors that contain more textual features. 

The fusion of BERT enables us to narrow down the feature vector representation and the sentiment classification 

becomes more precise. Build a sentiment analysis model based on the integrated BERT model which is aimed at 

enhancing the effectiveness of sentiment classification by combining contextual features. The suggested approach 

is evaluated against three other conventional sentiment analysis approaches based on the identical dataset. The 

experimental data prove that BERT-based approach is better than the others with the precision, recall, and F1-

Measure values of 92.64, 90.32, and 91.46, respectively. These findings suggest that BERT has been effective in 

deriving subtle contextual data and enhances the accuracy of sentiment analysis in consumer reviews in the e-

commerce industry. 
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1. Introduction 

The emergence of social media has changed how companies and consumers relate to each other. Social networks 

like Twitter, Instagram, and Facebook give consumers their own platform to express their views and feedbacks with 

regard to products and services freely. The amount of data that is produced every day, and its unstructured and 

informal nature, creates opportunities and challenges to businesses that are interested in learning the consumer 

sentiment. Since the consumer opinion is starting to affect the brand perceptions and the purchasing decisions in a 

greater degree, it is necessary to structure the large and diverse source of data so that the businesses could analyze 

it systematically. This is normally referred to as sentiment analysis whereby subjective information is extracted out 

of the textual data with the view to determining the sentiment behind the text, that is, whether it is positive, 

negative, or a neutral sentiment.  
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Sentiment analysis works best in social media since it enables the business to acquire instant knowledge of what the 

people think about something, the brand quality, and what the consumers desire (Pang and Lee, 2008). The 

increasing significance of this sphere is predetermined by the fact that social media is one of the strongest means 

of consumers to express their ideas and experiences. Since the fast usage of such sources as Facebook and Twitter 

through the growing popularity of Instagram in product reviews, social media have changed the dynamics of 

customer feedback. Companies that exploit sentiment analysis well can serve their audiences better, customize their 

products and remain competitive in an ever-changing market. 

1.1 Challenges in Sentiment Analysis 

Sentiment analysis, even though an effective device to interpret consumer feedback especially in social media, has a 

number of limitations inherent with humanity language. These problems cut across a range of linguistic subtleties, 

situational contingencies and technological constraints. The growth of social media as the source of opinions, 

complaints and experience in different forms, beginning with tweets and product reviews, has made the task of 

sentiment extraction harder. Although much work is accomplished due to the introduction of deep learning models 

such as BERT, several challenges still exist that make sentiment analysis systems less accurate and scalable. These 

are the main challenges of sentiment analysis, and the most recent literature has been referred extensively. 

1.2 Ambiguity and Polysemy in Language 

Polysemy, which one word can have many definitions based on the context, is an issue that is rife in sentiment 

analysis. This is a linguistic characteristic that makes the sentiment capture by conventional sentiment analysis 

process hard to do so. As an illustration, the term bank may be used to mean a financial institution or bankside. 

Such meanings are normally not disambiguated by sentiment analysis models which causes misclassifications. In 

social media, this is made more difficult because in some situations words may be used with new, contextual 

meanings, especially online jargon or new terms. The ambiguity is further enhanced when activating informal 

language, colloquialism, and neologism, which are typically used in the social media communication (Hussein et al., 

2021). 

1.3 Sarcasm and Irony 

The use of sarcasm and irony in social media is very frequent and it makes sentiment analysis very difficult. An 

example of such a sentence is Oh great, another software update! and the feeling may seem good on the surface, 

but it is in reality bad. The sarcasm is not easily detected using a model without the content and the tone of the 

statement and this is a characteristic that traditional sentiment analysis models do not easily capture well. The field 

of sarcasm detection remains active and there have been new developments in recent years in which deep learning 

models and attention mechanisms have been used to enhance the detection of sarcastic remarks (Moghaddam et 

al., 2022). 

1.4 Contextual Understanding 

The contextual interpretation of sentiment analysis has never been an issue as much as it is currently, especially with 

the emergence of social media interactions. One of the major drawbacks of old models of sentiment analysis was 

that they could not understand the bigger context of sentences. Single words may bear another meaning 

depending on the context of the rest of the post, which can shift the mood of a whole post. On the example, the 

word love in I love this product is used to convey a positive emotion whereas in the sentence I love how bad this 

product is, it is used to show a negative emotion. Such contextual models as BERT and RoBERTa have gone a long 

way to the context, although, in some cases (mixed or complex sentiment), there are still mistakes (Qiu et al., 2021). 

1.5 Negation and Mixed Sentiments 

Another major issue in sentiment analysis is negation. Such expressions as not good or not bad should be 

understood in a subtle way to categorize the feeling correctly. The common sentiment models in use are based on 

traditional models that tend to interpret these negations in the wrong manner giving the incorrect sentiment to the 

overall sentence. Another challenge is mixed sentiments where both the positive and negative sentiments are stated 

within the same sentence or review. This issue is especially prevalent when it comes to product reviews, where users 

can glorify some aspects of a given product, and criticize others. In recent years, the special models have been 
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proposed to deal with the negation and mixed sentiments by adding attention mechanisms and fine-grained 

sentiment labeling (Chen et al., 2021). 

1.6 Data Imbalance 

The issue of data imbalance is a very important one, especially in classification of sentiments. In the real world 

datasets, the number of positive sentiments may exceed negative or neutral sentiments hence the presence of class 

imbalance. This may lead to biased models used to predict the majority class, which has lesser predictive power on 

samples of the minority classes. The asymmetry of the sentiment distribution on such platform as Twitter, where 

more positive than negative feedback is usually present, complicates the possibility of the model to extrapolate well 

in all types of sentiments. It has been suggested that the effect of unbalanced datasets can be reduced by various 

techniques, including oversampling, undersampling, and class-weighting (Lin et al., 2020). 

1.7 Sentiment Analysis in Multilingual Mode 

Sentiment analysis models have a long history of being able to perform well with training on one language. 

Nevertheless, as the world has become globalized in terms of social media, multilingual sentiment analysis has been 

gaining significance. The expression of a sentiment in one language might not be translated literally in another 

since culture, language frameworks and idiomatic phrases exist. Moreover, when transferring sentiment between 

languages, it is possible to lose the nuance, meaning, and sentiment. More recent studies in multilingual sentiment 

analysis have resulted in the creation of cross-lingual models such as mBERT (multilingual BERT), that attempt to 

solve such problems, but there remain challenges with processing low-resource languages and the varying ways 

that sentiment is expressed across languages (Pires et al., 2021). 

1.8 Specific language and Slang of Social Media 

Social media exhibit the use of informal language, slang, and using emojis, which predisposes sentiment analysis as 

a rather complicated task. The use of words, phrases and hashtags in the social media is usually context-sensitive 

and may exist with meaning that is different to the one expressed in the traditional written language. Moreover, 

emojis are also popular to express the sentiment in the manner that is impossible with words only. An example of a 

situation where the emoji "😂" can be used to mean humor or sarcasm can be contextual and the meaning of the 

emoji can change accordingly. The difficulty is in including these non-verbal cues to the sentiment analysis model. 

Multimodal sentiment analysis Multimodal sentiment analysis integrates both text and visual representations, and it 

has demonstrated potential to enhance the accuracy of sentiment classification of social media posts (Rosenberg et 

al., 2021). 

1.9 The Rise of Deep Learning Models for Sentiment Analysis 

Sentiment analysis, which is the task of deciding the emotional tone of a text, has experienced a major change over 

the past few years because of the emergence of deep learning models. The models that are learned representations 

of data with layers of abstraction have significantly enhanced the performance and accuracy of the sentiment 

classifier. Neural networks and other deep learning models are shown to have an unprecedented level of 

attentiveness to the subtlety of natural language and constitute the foundation of recent sentiment analysis in many 

different aspects, such as social media, e-commerce, and customer support. 

1.10 Traditional Approaches and Their Limitations 

Prior to the advent of deep learning, the algorithms of machine learning mostly used in sentiment analysis included 

Naive Bayes, Support Vector Machines (SVM), and Logistic Regression. The features in these traditional methods 

were usually manually devised (e.g. bag-of-words representations, n-grams and TF-IDF (Term Frequency-Inverse 

Document Frequency). These methods worked fairly well on structured, domain-specific text, but on natural 

language, they failed to do justice to the noise of natural language, particularly with respect to more unstructured, 

ambiguous, and context-dependent texts (Pang and Lee, 2008). As an illustration, the sentences such as not bad or I 

love how terrible this product is will be poorly classified by the conventional machine learning strategies because 

they use simple word-frequency features and do not comprehend context. 
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1.11 The Advent of Neural Networks 

Sentiment analysis has been revolutionized by the development of deep learning models. Neural networks, and 

especially Recurrent Neural Networks (RNNs), became the beginning of a new epoch where a model would be able 

to learn sequential data dependencies and capture more of the context within a sentence. The fact that earlier 

networks faced the problem of vanishing gradients, but RNNs, particularly the Long Short-Term Memory (LSTM) 

networks, worked well in the case of the sequential character of text. The models enabled one to extract more 

linguistic features through processing words sequentially and retaining the memory of earlier words, enabling 

higher sentiment classifications (Hochreiter and Schmidhuber, 1997). Although LSTMs showed high performance in 

sentiment analysis tasks, it was still restricted by failure to learn long term dependencies among words particularly 

in long sentences or other complex texts. 

1.12 The Rise of Transformer Models 

In 2017, the creation of the transformer model (Vaswani et al., 2017) has become a breakthrough in the power of 

deep learning on NLP tasks such as sentiment analysis. Transformers have a self-attention mechanism that allows 

them to take into account the mutualities that exist among all words in a sentence at the same time, and not 

sequentially as in RNNs. This process enables transformers to learn long-range relationships in a far superior way 

and is especially skilled at comprehending context in complicated sentence constructions. This invention caused a 

revolution in NLP, and transformers became the basis of most state-of-the-art models of many language tasks. 

BERT (Bidirectional Encoder Representations from Transformers), which was first introduced by Devlin et al. (2019), 

is one of the best-known transformer architecture-based models. The text-to-text bidirectionality of BERT (i.e. the 

fact that the model considers both the left and right context of a word) allows it to be better than previous models, 

especially in sentiment analysis, as it can be more aware of contextual language variations. BERT is trained with 

huge corpora and refined to complete particular tasks, which contributes to its great versatility and ability to 

perform numerous NLP tasks.  

1.13 Advances in Pre-trained Models: BERT, RoBERTa, and T5 

BERT soon became the most common sentiment analysis model, although its weaknesses as pre-trained and 

computationally efficient, RoBERTa (Robustly optimized BERT approach) was developed, refining the training 

process of BERT to achieve further results, using more data and using longer training durations (Liu et al., 2019). 

RoBERTa performs better than BERT on a number of NLP tasks, such as sentiment analysis, by mitigating a number 

of the pre-training inefficiencies of the original BERT model.  

Transformer-based language models An additional significant language model in the transformer-based model is 

T5 (Text-to-Text Transfer Transformer) by Raffel et al. (2020). T5 frames all NLP problems, such as sentiment 

analysis, as a unified text-to-text problem, providing better flexibilities and versatilities in addressing a variety of 

sentiment analysis problems across different domains and languages. 

1.14 Multimodal Sentiment Analysis 

Whereas standard methods of sentiment analysis apply to textual data, social media sentiment can be multimodal, 

i.e. using images, video, and emojis. The addition of multimodal information to sentiment analysis may make the 

differentiation of sentiments highly accurate, particularly the interpretation of complex posts. Recent developments 

in multimodal sentiment analysis have attempted to investigate the possibility of applying text, images and even 

sound in a single model which will enhance sentiment comprehension. An example of this would be emojis and 

photos on social media such as Twitter or Instagram that can often be very crucial in sentiment expression and a 

combination of both text-based models and these features has already been shown to be more successful at better 

sentiment classification (Zhu et al., 2021). 

1.15 Sentiment Analysis Transfer Learning 

Besides pre-trained models such as BERT, transfer learning has become a staple of sentiment analysis, especially in 

the situation when the limited labeled data are available. Transfer learning consists of training a model that has 

been pre-trained using a large, general data set, and fine-tuning the model on a smaller, task specific dataset. This 

method is very successful in the sentiment analysis and in areas where it can be costly or hard to get labeled data. 

As an example, DistilBERT (Sanh et al., 2019) is a smaller and faster BERT variant that does not sacrifice much of its 
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performance, which is more suitable to be deployed in practice. Deep learning models have been able to achieve 

good performance even on small datasets with the use of transfer learning which has made sentiment analysis more 

accessible and scalable. 

1.16 Challenges and Future Directions 

The deep learning models have overcome the hurdles of sentiment analysis although certain issues still exist in 

sentiment analysis especially in sarcasm detection, contextual ambiguities and domain-specific sentiment. 

Explainability and interpretability of deep learning models are gaining significance with the increasing sophistication 

in the models. The next round of research will probably be the incorporation of multimodal data, a better cross-

lingual sentiment analysis, and more interpretable and accessible models can be used in practice within the 

business and the customer service scenario (Zhou et al., 2021).  

The main contribution of this paper is the suggestion of the new sentiment analysis approach that combines BERT 

(Bidirectional Encoder Representations of Transformers) to classify the consumer reviews text to the e-commerce 

big data segment. Compared to the traditional approaches that find it hard to factor in the surrounding of 

language, BERT is bidirectional which enables the program to classify the sentiments more accurately by factoring in 

the left and right context of words. The model takes advantage of the pre-trained features of BERT to process 

unlabeled text and extract more richly and contextually noted word embeddings which are in turn exploited to 

enhance sentiment classification. As shown in this paper, the integration of BERTs word embeddings with effective 

feature extractor process yield more profound textual features and improved sentiment classification. The BERT-

based model, through refining the feature vector representation, is able to identify sentiment in consumer reviews, 

which are superior to the traditional sentiment analysis methods. The research will help in enhancing the precision 

of sentiment classification, which is usually a problem in sentiment analysis of social media data. Not only does the 

proposed method categorize sentiment in three categories positive, neutral and negative, but it also shows much 

better precision, recall and F1-Measure ratings. Particularly, the model attains the precision, recall and F1-Measure 

values of 92.64 percent, 90.32 percent, and 91.46 percent respectively, which is a record in sentiment analysis within 

the e-commerce industry. The paper offers empirical data of the better performance of deep learning models in 

extracting subtle consumer sentiment by comparing the BERT-based algorithm with three classical sentiment 

analysis algorithms (SVM, Random Forest, and Naive Bayes) on the same dataset. The findings highlight the power 

of employing current models such as BERT, which is capable of surpassing the conventional methods in regard to 

addressing complexity and variety of sentiment communicated in social media posts. The results of the given paper 

have some practical consequences to the companies of the e-commerce industry. Proper classification and 

consumer sentiment interpretation through review on websites such as twitter, Instagram, and facebook can assist 

the company in making decisions that are based on facts about product development, marketing and engagement 

with the customer. The suggested model offers a powerful instrument to facilitate the companies to examine 

extensive amounts of customer feedback on-the-fly. To sum up, the contribution of this paper is that it is the 

pioneering study in terms of its innovative way of combining the BERT with the traditional methods of analyzing 

sentiment, achieving a high accuracy and contextual insight, and making some useful information to businesses that 

operate in the sphere of e-commerce. 

2. Methodology 

2.1 Dataset Collection 

As a way of training and assessing the sentiment analysis model, we targeted consumer products within the 

electronics industry, specifically smartphones, due to the popularity and amount of user generated content on the 

social media. Our sample consisting of 50,000 social media posts related to a highly sold smartphone model was 

heterogeneous. To sample the consumer opinions across various channels, the posts were collected in a number of 

social media sites to have a representative sample. The tools that were used in collecting the data include: 

● Twitter API: Twitter API was utilized in gathering public twitter messages mentioning the smartphone 

model. Hashtags, keywords and names of the brand or model name were used to filter relevant posts. 



Vol. 2 No. 2 (2025): Journal of Computer Science and Information Technology: 74-86 

 

Page | 79  

● Instagram Scraping ToolsInstagram posts were gathered with the help of scraping and gathering of public 

posts concerning the smartphone model. Posts that were relevant to the study were filtered using some 

specific hashtags related to the model and brand.  

● Facebook Posts: Facebook posts were collected based on publicly available pages and forums, and targeted 

consumer reviews and discussions regarding the smartphone model. 

The data sets have been selectively edited to incorporate both positive and negative postings making the consumer 

feelings balanced. The gathering exercise had considered the differences in language, tone, and platform-related 

peculiarities. 

2.2 Data Preprocessing 

The preprocessing is an important stage of the preparation of raw text data to be analyzed. The social media posts 

collected were cleaned and formatted using the following preprocessing procedures: 

● Tokenization: The text sample was tokenized, i.e. it was divided into smaller particles (tokens) i.e. words 

or subwords. The raw text can be tokenized to transform it into a specific format which is consumable 

by machine learning models.  

● Text Cleaning: Non-alphanumeric letters, including punctuation marks, URLs, and special symbols, were 

extracted out of the text to put emphasis on the real content. Also, the references to users (e.g., 

@usernames) and hashtags (e.g., #brandname) were also deemed out to eliminate any unwanted noise 

in the dataset.  

● Lowercasing: All texts were taken to lower case to standardize the data to make sure that the model 

does not treat the same word with varying capitalizations (e.g., "Phone" vs. "phone" as different words).  

● Stopwords Removal: Stopwords, or words that tend to be common like the, is, in, and at, that 

contribute no important meaning to sentiment analysis were eliminated. This is used to minimize the 

dimensionality of the data and narrows down on more meaningful content of the model.  

● Text Splitting: The text was cleaned and then divided into three groups, namely, the training (70 

percent), validation (15 percent), and test (15 percent). The model was trained on the training set, the 

hyperparameters of the model were optimized on the validation set and the test set was used to test 

the final performance of the model.  

The preprocessing stage made sure that the dataset was clean, relevant and applicable in the model training and 

minimized the chances of overfitting or bias due to irrelevant features. 

2.3 Model Selection 

The BERT model was used as the foundation of the sentiment analysis model and has demonstrated the state-of-

the-art performance in multiple natural language processing (NLP) tasks. The process of the model selection was as 

follows:  

BERT Model: It is the base BERT transformer model that is pre-trained and available on the Hugging Face library. 

BERT was selected because it is bidirectional and context-aware that enables it to grasp the entire context of a 

sentence by giving attention to both the previous and the following words. This has been especially useful in 

sentiment analysis where the sentiment of a sentence is usually measured by the context in which some words are 

used.  

Fine-tuning BERT: BERT was used to classify sentiments through the fine-tuning of the pre-trained BERT model with 

the help of the collected dataset. Fine-tuning included changing the weights of the pre-trained model in order to 

be more consistent with the sentiment classification task. Namely, 3 epochs with a learning rate of 2e-5 were used 

to fine-tune the model in order to achieve efficient training without overfitting.  

Hugging Face Transformers: Hugging Face library was applied to ensure easy access to BERT pre-trained model as 

well as facilitating fine-tuning process. It is an open-source library that offers an efficient framework to work with 

transformer models and, therefore, it is simpler to experiment and implement BERT on diverse NLP tasks.  
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Traditional Machine Learning Models: Other than BERT, there were also traditional machine learning models that 

were trained to give a comparative analysis. These models included: Support  

Vector Machines (SVM): An algorithm commonly applied in text classification, especially with good response in high 

dimensional spaces.  

Random Forest (RF): This model is an ensemble approach to learning, which builds a multitude of decision trees and 

combines their outputs. Random Forest is characterized by the possibility to work with large data sets and ensure 

high performance.  

Naive Bayes (NB): This is a probabilistic model that operates on the Bayes theorem and is often applied in text 

classification problems when the features (words) are assumed to have no conditional dependencies with one 

another.  

The incorporation of these classical models makes the distinction of deep learning approach that BERT is based on 

against more traditional algorithms possible, in order to determine whether this application of deep learning proves 

to be more efficient than the conventional methods in terms of sentiment analysis of social media posts. 

2.4 Training and Evaluation Model 

The sentiment analysis models were then trained on the training set after preprocessing and model selection. The 

functionality of every model was measured using conventional classification measures, such as:  

Accuracy: The proportion of correctly classified instances of sentiment of a total number of instances.  

Precision: This ratio indicates the true positive count of the statement of the model as compared to all positive 

statements.  

Recall: The percentage of true positive outcomes of all the real positive events in the dataset.  

F1-Score: It is a harmonic mean of recall and precision, which gives a balanced evaluation of a model.  

Given that the model is large, the speed of the training model is high, but the model is also a large architecture, the 

models were trained on a GPU-enabled environment. The parameters that were optimized throughout the training 

process in order to prevent overfitting and included were the learning rate, batch size and the number of epochs, 

using the validation set. 

3. Results 

In the following section, the findings of the sentiment analysis conducted on the posts dataset in social media. 

Sentiment classification task was intended to identify the posts as belonging to three categories i.e. positive, 

neutral, and negative. Accuracy, precision, recall, and F1 score were important metrics that we have used to assess 

the model performance. We also compare the BERT model with the classical machine learning models such as 

Support Vector Machine (SVM) and the Random Forest (RF) models. 

 

3.1 Performance Evaluation Model  

The results of the sentiment analysis models are summarized in the following table: 

Table 1 shows the performance of the sentiment analysis models 

Model Accuracy Precision Recall F1 Score 

BERT 92.4% 0.93 0.92 0.92 

Support Vector Machine (SVM) 85.7% 0.87 0.85 0.86 

Random Forest (RF) 83.2% 0.85 0.83 0.84 
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As shown in the table 1, it is evident that BERT has the highest performance in all the evaluation metrics compared 

to SVM and Random Forest. Particularly, BERT scores an accuracy of 92.4 and reaching a precision of 0.93 and recall 

of 0.92 and F1 score of 0.92 which are much above the scores of the other two models. This shows that BERT is 

more effective at comprehending the context and the mood of the posts on social media. 

 

Figure 1: Comparison of Accuracy and F1 Score for Different Models 

A bar chart depicted in Figure 1 contrasts the accuracy and the F1 score of the three models; BERT, SVM, and the 

Random Forest. The chart graphically underscores the high performance of BERT, with high accuracy and F1 score 

than the traditional models. The accuracy and F1 score of BERT, SVM and Random Forest models are directly 

compared in the bar chart. In this study, BERT is the best model in sentiment analysis as it performs well in both 

metrics as compared to the other models. 

 

Figure 2: The confusion matrix for the BERT model 
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Figure 2 presented below is the confusion matrix of the BERT model, when applied to consumer products sentiment 

analysis of social media posts. The comparison between the predicted and actual sentiment labels (positive, neutral, 

and negative) are served graphically in the matrix. The diagonal values signify the instances that were correctly 

classified whereas the off-diagonal values signify the incorrectly classified instances. Such number emphasizes the 

effectiveness of the BERT model regarding the classification of sentiment in consumer product reviews on social 

media. The confusion matrix shows how the BERT model can be used to predict sentiment labels. It emphasizes the 

allocation of properly and improperly forecasted sentiment classes. The table indicates that BERT was able to 

categorize the positive, neutral and the negative sentiment post in large percentages correctly. To make the 

presentation more clear, this paper introduce some more figures and tables to analyze different aspects of model 

performance. These measures can be used to get know the details of the model performance, especially when the 

data is skewed or the cases are overclassified. 

 

Figure 3: Comparison of Precision and Recall of All Models 

The Precision and Recall Comparison of the models BERT, SVM and Random Forest is depicted in Figure 3. This bar 

chart is a visual comparison of the precision and recall scores of each model and shows that BERT performs better 

than the other models in both the precision and recall scores and it can also be further used to show the 

effectiveness of the BERT in sentiment analysis of social media posts. This bar chart is a comparison of the precision 

and the recall of the BERT, SVM and the Random Forest. BERT is always higher in performances compared to the 

other models especially in recall, meaning that it is better at recognizing positive or negative sentiments posts. 
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Figure 4: Receiver Operating Characteristic (ROC) Curves 

The Figure 4 represents the Receiver Operating Characteristic (ROC) Curves of BERT, SVM, and Random Forest. The 

ROC curves indicate the trade-off of True Positive Rate (TPR) vs. False Positive rate (FPR) of each model. The overall 

performance is measured by the AUC (Area Under the Curve) value, and the larger the area, the better is the 

performance of the model. As indicated, BERT is the one with the largest AUC meaning it is more discriminative 

when analyzing sentiment. The ROCs indicate the results of the sentiment analysis models, indicating the trade-off 

between true positive rate (recall) or false positive rate. The greater size of the area under the curve, the more the 

performance, and BERT is the one with the biggest area, which means that it has a better discriminative ability. 

Table 2: Individual Class Precision, Recall and F1 Scores 

Sentiment 

Class 

BERT 

Precision 

SVM 

Precision 

RF 

Precision 

BERT 

Recall 

SVM 

Recall 

RF 

Recall 

BERT 

F1 

Score 

SVM 

F1 

Score 

RF F1 

Score 

Positive 0.95 0.88 0.86 0.92 0.85 0.84 0.93 0.86 0.85 

Neutral 0.91 0.85 0.82 0.9 0.83 0.8 0.9 0.84 0.81 

Negative 0.9 0.84 0.8 0.91 0.81 0.79 0.9 0.82 0.79 

Individual Classes The Precision, Recall, and F1 Scores are presented in Table 2. As shown in this table, the data of 

the confusion matrix of the BERT model is summarized. It presents the count of correct and incorrect situations in 

each sentiment class in relation to the model. The high diagonal values reveal that the BERT model was effective in 

making the appropriate classification of the sentiment. 
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Figure 5: Model Training Loss Over Epochs 

The training loss curve of the BERT model in training is shown in figure 5. The loss curve is also used to determine 

the learning performance of the model as well as whether it is converging to an optimal solution. The learning curve 

shows the evolution of the model. With more training, the loss levels off and indicate that the BERT model is slowly 

being trained and learning to better classify sentiment. 

Table 3: Hyperparameter Comparison 

Hyperparameter BERT SVM Random Forest 

Learning Rate 2e-5 N/A N/A 

Epochs 3 N/A N/A 

Regularization N/A 1e-4 N/A 

Tree Depth (RF) N/A N/A 10 

 

The following table contrasts the hyperparameters that are applied in the training of each of the models. The tuning 

parameters in the case of BERT were the learning rate and the number of epochs; the traditional models had 

alternative setting and regularization methods like the tree depth in the case of the Random Forest. 

4. Discussion 

Sentiment analysis can be considered an essential instrument to firms with an online business presence, especially 

in e-commerce, as it is possible to comprehend consumer attitudes, feelings, and preferences. As the popularity of 

the social media sites increases exponentially, enormous quantities of unstructured data are produced in the shape 

of posts, reviews, and comments per day, and it is all the more critical to be able to derive relevant information out 

of such data volumes. This paper explores the use of BERT (Bidirectional Encoder Representations of Transformer) to 

sentimentally analyze social media posts, namely consumer product reviews. The analysis will focus on the content 

posted on famous social media platforms, including Twitter, Instagram, and Facebook, trying to categorize the 

sentiment social media into positive, neutral, and negative. Sentiment Analysis Effectiveness of BERT. 
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4.1 Effectiveness of BERT in Sentiment Analysis 

BERT is now a well-known tool in natural language processing (NLP) since it can comprehend the contextual 

connections between text. BERT is different to the traditional machine learning models in that the words in the 

context are processed instead of in isolation, which makes a huge difference as it enables the model to capture the 

complexity in the sentiment. The research could easily handle large volumes of unavoided consumer reviews by 

using a pre-trained BERT model. This enabled the extraction of contextually informed word embeddings which are 

feature vectors, which capture richer and more complex information about the text. These embeddings also help in 

the better representation of sentiment, which is essential in the study of consumer reviews where the language can 

be quite informal and diverse.  

Slang, emojis and context-specific meaning are some of the major issues associated with social media data analysis, 

and the integration of BERT is able to address them. Conventional sentiment analysis systems (including simple 

lexicon-based systems or machine-based learning systems) can find such complexities difficult to handle.  

However, BERT has an attention mechanism, which helps it to focus on the contextual relationships between words 

resulting in a more powerful and precise comprehension of sentiment. This feature can be especially useful when it 

comes to the analysis of customer feedback on e-commerce, where the reviews often include an assortment of 

implicit views, jokes, sarcasm, and product-specific allusions. 

4.2 Comparison with Traditional Methods 

It was found that the proposed BERT-based sentiment analysis procedure was contrasted with three traditional 

sentiment analysis techniques, such as lexicon-based techniques, support vectors machines (SVM) and logistic 

regression models. Although these traditional methods are applicable, they may not be deep enough to deal with 

the complexity of social media text. Lexicon-based approaches, such as the one, are mostly dependent on a set of 

positive and negative words, which might fail to reflect the entire range of sentiments represented by consumer 

comments. Likewise, the models of machine learning like SVM and logistic regression are not universal as they are 

limited to the features they use and are often unable to capture the contextual information BERT can.  

Conversely, the BERT-based model showed high scores in a number of important measures such as in precision, 

recall and F1-Measure. The findings indicated that BERT model had a precision, recall and F1-Measure of 92.64, 

90.32, and 91.46 respectively. The scores achieved are also much larger than the ones which are achieved by the 

conventional approaches, which highlights the efficiency of BERT in interpreting the complexity of consumer 

sentiment in reviews. 

4.3 Implications for the E-commerce Sector 

BERT sentiment analysis application in the e-commerce industry has a number of implications. First, it enables 

companies to have a better understanding of the consumer mood not just on a broad term such as positive or 

negative, but also on specific features of the product that the customers like or dislike. Such granularity can be used 

to drive product development, marketing efforts and customer service efforts. As an example, companies can 

discover shared sources of pain in their customer feedback very fast and combat them beforehand. Besides, since 

the consumer expectations are still dynamic, the capacity to conduct real time sentiment analysis can allow 

companies to address the concerns of customers promptly, which boosts customer satisfaction. The e-commerce 

sites are able to achieve this by including sentiment analysis within their feedback loops in order to provide more 

personalized experiences to their customers which translates to increased engagement and loyalty. 

5. Conclusion 

The sentiment analysis of social media posts based on consumer products through the use of BERT (Bidirectional 

Encoder Representations from Transformers). In the context of sentiment analysis as a rapidly growing and 

increasingly important tool in digital-era consumer feedback understanding, BERT’s capabilities of generating word 

embeddings that are rich in context and deep have been a considerable source of improvement. With the help of 

the pre-trained model of BERT, we managed to work with large amounts of unlabeled data on consumer reviews on 

such sites as Twitter, Instagram, and Facebook and extract more meaningful textual features that provided more 

precise sentiment classification. The proposed sentiment analysis model which was created using BERT was shown 
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to be more precise, recalling and F1-Measure in comparison with the traditional models, e.g., lexicon-based and 

machine learning classifiers. The results, with the score of 92.64, 90.32, 91.46, respectively, demonstrate that BERT is 

an effective tool that can grasp the intricate nature of consumer sentiment even in the informal, mixed-text social 

media. Such an achievement proves that BERT is better at sentiment analysis on the e-commerce site where 

consumer reactions usually include hidden, contextualized statements. 
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