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ABSTRACT 

The rapid growth of blockchain technology and cryptocurrency adoption has 

significantly increased public discussions on social media platforms such as Twitter, 

where users frequently share opinions, investment perspectives, and market-related 

information. However, blockchain-related tweets are often characterized by noisy 

text, informal language, abbreviations, and cryptocurrency-specific terminology, 

making sentiment analysis tasks challenging for traditional natural language 

processing approaches. Therefore, this study proposes a transformer-based 

sentiment analysis framework using the DistilBERT model to classify blockchain-

related tweets into Positive, Neutral, and Negative sentiment categories. The dataset 

initially consisted of 10,000 tweets collected from Twitter, and after preprocessing and 

data cleaning, 9,697 tweets were retained for analysis. Several preprocessing 

techniques were applied, including lowercase transformation, URL removal, mention 

removal, hashtag cleaning, punctuation removal, and whitespace normalization. 

Sentiment labeling was performed using the VADER sentiment analyzer. The 

experimental results demonstrate that the proposed DistilBERT model achieved 

strong classification performance with an accuracy of 93.61%, Macro Precision of 

85.85%, Macro Recall of 85.35%, and Macro F1-score of 85.57%. The findings 

indicate that transformer-based approaches are highly effective for analyzing 

blockchain-related social media text and have strong potential for applications in 

cryptocurrency market monitoring and public opinion analysis. 
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INTRODUCTION 

The rapid development of blockchain technology and cryptocurrency has 
significantly transformed the global digital economy in recent years [1]. 
Blockchain technology is widely utilized in various sectors, including digital 
finance, decentralized applications, supply chain management, and smart 
contracts. At the same time, cryptocurrencies such as Bitcoin, Ethereum, and 
Cardano have gained substantial public attention due to their increasing 
adoption and market value. Along with this growth, social media platforms, 
particularly Twitter, have become one of the primary communication channels 
for discussing blockchain-related topics [2]. Twitter users frequently share 
opinions, investment perspectives, market predictions, project updates, and 
public reactions related to blockchain and cryptocurrency trends. Consequently, 
Twitter data contain valuable information that can be utilized to analyze public 
sentiment and market behavior within the blockchain ecosystem. 

Public sentiment on social media has become an important factor in 
cryptocurrency market analysis because investor emotions and public opinions 
may influence market volatility, trading behavior, and cryptocurrency adoption 
[3]. Positive sentiment can increase investor confidence and market optimism, 
while negative sentiment may contribute to uncertainty and market fluctuations. 
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Therefore, sentiment analysis has become an increasingly important research 
area for understanding public perception toward blockchain technology and 
cryptocurrency discussions. Sentiment analysis is a Natural Language 
Processing (NLP) technique used to identify and classify opinions expressed in 
textual data into several sentiment categories such as positive, neutral, and 
negative sentiment. 

Despite the growing popularity of sentiment analysis research, analyzing 
blockchain-related tweets remains a challenging task due to the characteristics 
of social media text. Twitter data are often noisy and unstructured, containing 
slang, abbreviations, emojis, hashtags, hyperlinks, spelling variations, and 
cryptocurrency-specific terminology. Traditional machine learning approaches 
such as Naive Bayes, Support Vector Machine (SVM), and Logistic Regression 
commonly rely on manual feature extraction methods including Bag of Words 
and TF-IDF representations. Although these approaches have demonstrated 
acceptable performance in general sentiment analysis tasks, they often struggle 
to capture contextual semantic relationships within highly dynamic and informal 
blockchain-related discussions [4]. 

Recent advancements in deep learning and transformer-based architectures 
have significantly improved the performance of Natural Language Processing 
tasks. Transformer models such as BERT, RoBERTa, and DistilBERT utilize 
contextual embeddings and self-attention mechanisms to better understand 
semantic relationships between words in a sentence. Compared to traditional 
machine learning methods, transformer-based models have shown superior 
performance in sentiment classification tasks involving social media data. 
DistilBERT, in particular, has gained attention as a lightweight version of BERT 
that provides competitive performance with lower computational complexity and 
faster training time. These characteristics make DistilBERT suitable for large-
scale sentiment analysis tasks involving social media datasets [5]. 

Several previous studies have explored sentiment analysis in cryptocurrency 
and social media domains using machine learning and deep learning 
approaches. Existing studies mainly focused on traditional machine learning 
algorithms, lexicon-based approaches, or general deep learning architectures 
such as Long Short-Term Memory (LSTM). Other studies have investigated 
transformer-based models for financial sentiment analysis; however, research 
specifically focusing on blockchain-related Twitter discussions using DistilBERT 
remains relatively limited. In addition, many previous studies primarily 
emphasized accuracy metrics without thoroughly evaluating model 
performance using Macro Precision, Macro Recall, Macro F1-score, and 
confusion matrix analysis on imbalanced blockchain sentiment datasets. 

Based on the existing literature, a research gap can be identified in the 
application of lightweight transformer-based models for blockchain tweet 
sentiment classification. Previous studies have not extensively explored the 
effectiveness of DistilBERT in handling noisy and imbalanced blockchain-
related Twitter data. Furthermore, limited studies have analyzed the distribution 
of blockchain sentiment on Twitter while simultaneously evaluating transformer-
based performance using comprehensive evaluation metrics. Therefore, this 
study aims to address these limitations by proposing a transformer-based 
sentiment analysis framework using DistilBERT for classifying blockchain-
related tweets into Positive, Neutral, and Negative sentiment categories. 

The state of the art contribution of this study lies in the implementation of the 



 Journal of Digital Society 

 

Alanazi (2026) J. Digit. Soc. 

 

242 

 

 

DistilBERT transformer architecture for blockchain tweet sentiment analysis 
combined with comprehensive preprocessing techniques and detailed 
performance evaluation. Unlike traditional sentiment analysis approaches that 
rely heavily on manual feature engineering, the proposed framework utilizes 
contextual semantic learning capabilities provided by transformer models to 
improve sentiment classification performance on noisy social media text. This 
study also contributes to the growing field of blockchain analytics by providing 
insights into public sentiment distribution related to blockchain and 
cryptocurrency discussions on Twitter. 

The main objectives of this study are to preprocess blockchain-related tweet 
data, develop a DistilBERT-based sentiment classification model, evaluate 
model performance using Accuracy, Precision, Recall, and Macro F1-score 
metrics, and analyze the sentiment distribution of blockchain discussions on 
Twitter. The findings of this research are expected to contribute to the 
development of transformer-based sentiment analysis methods for blockchain 
applications and provide useful insights for cryptocurrency market monitoring, 
public opinion analysis, and financial decision support systems. 

Literature Review and Related Works 

Sentiment analysis has become one of the most widely studied topics in the 
field of Natural Language Processing (NLP), particularly for analyzing opinions 
and emotions expressed on social media platforms. Previous studies have 
demonstrated that sentiment analysis can provide valuable insights into public 
perception, market trends, and user behavior in various domains, including 
finance, politics, healthcare, and digital technology [6]. The rapid growth of 
blockchain technology and cryptocurrency discussions on Twitter has further 
increased the importance of sentiment analysis for monitoring investor 
sentiment and understanding cryptocurrency market dynamics [7]. 

Several studies have explored the relationship between social media sentiment 
and cryptocurrency market behavior. Previous research showed that Twitter 
sentiment can influence cryptocurrency price fluctuations and investor decision 
making [8]. Positive sentiment on social media was found to be associated with 
increased market optimism and cryptocurrency adoption, while negative 
sentiment often contributed to market uncertainty and volatility [9]. As a result, 
sentiment analysis techniques have been increasingly applied to blockchain 
and cryptocurrency discussions to extract useful market insights from large-
scale social media data [10]. 

Traditional machine learning approaches such as Naive Bayes, Support Vector 
Machine (SVM), Logistic Regression, and Random Forest have been widely 
used in sentiment classification tasks [11]. These approaches commonly rely 
on manual feature extraction methods such as Bag of Words, TF-IDF, and n-
gram representations [12]. Although traditional machine learning models have 
demonstrated acceptable performance in several sentiment analysis 
applications, they often struggle to capture contextual semantic information 
from noisy and unstructured social media text [13]. This limitation becomes 
more significant in blockchain-related Twitter data due to the presence of slang, 
abbreviations, hashtags, emojis, and cryptocurrency-specific terminology [14]. 

Recent advancements in deep learning have significantly improved the 
performance of sentiment analysis models. Recurrent Neural Network (RNN) 
architectures, including Long Short-Term Memory (LSTM) and Gated Recurrent 
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Unit (GRU), have shown better capability in learning sequential textual 
information compared to traditional machine learning methods [15]. Several 
studies applied LSTM-based models for Twitter sentiment analysis and 
achieved higher classification performance due to the ability of deep learning 
models to capture contextual dependencies between words [16]. However, 
recurrent neural network architectures still face limitations in processing long-
range dependencies and require higher computational resources during training 
[17]. 

Transformer-based architectures have recently become the state-of-the-art 
approach for Natural Language Processing tasks, including sentiment analysis, 
text classification, question answering, and language understanding [18]. 
Transformer models utilize self-attention mechanisms to capture contextual 
relationships between words more effectively than recurrent neural network 
approaches [19]. Models such as BERT, RoBERTa, and DistilBERT have 
demonstrated superior performance in various sentiment analysis tasks 
involving social media and financial text datasets [20]. 

DistilBERT is a lightweight transformer-based model developed through 
knowledge distillation from the original BERT architecture. Compared to BERT, 
DistilBERT provides faster training and lower computational complexity while 
maintaining competitive language understanding performance. Several studies 
have reported that DistilBERT achieved strong performance in sentiment 
classification tasks involving short and noisy social media text. These 
characteristics make DistilBERT suitable for blockchain tweet sentiment 
analysis, where textual data are highly dynamic, informal, and domain specific. 

Although previous studies have explored cryptocurrency sentiment analysis 
using machine learning and deep learning approaches, research specifically 
focusing on blockchain-related Twitter sentiment analysis using DistilBERT 
remains relatively limited. In addition, many previous studies primarily focused 
on accuracy metrics without conducting comprehensive evaluation using Macro 
Precision, Macro Recall, Macro F1-score, and confusion matrix analysis on 
imbalanced datasets. Therefore, this study aims to address these limitations by 
implementing a DistilBERT-based transformer framework for blockchain tweet 
sentiment classification combined with comprehensive preprocessing and 
evaluation techniques. 

Methodology 

Subchapter 

This study proposes a transformer-based sentiment analysis framework using 
the DistilBERT model to classify blockchain-related tweets into Positive, 
Neutral, and Negative sentiment categories. The methodology was designed to 
systematically process noisy social media text data and evaluate the 
effectiveness of transformer-based Natural Language Processing techniques in 
blockchain sentiment classification tasks. The research methodology consists 
of several stages, including dataset collection, data preprocessing, sentiment 
labeling, exploratory data analysis, dataset splitting, transformer-based model 
development, model training, performance evaluation, prediction analysis, and 
visualization analysis. The workflow of the proposed research methodology is 
presented in figure 1. 
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Figure 1 Research Methodology Workflow 

Dataset Collection 

The dataset used in this study consisted of blockchain-related tweets collected 
from Twitter discussions involving cryptocurrency and blockchain topics. Twitter 
was selected as the primary data source because it is widely used for sharing 
public opinions, investment perspectives, project announcements, and 
cryptocurrency market discussions in real time. The dataset initially contained 
10,000 tweets along with several metadata attributes, including username, user 
location, user description, account creation date, number of followers, number 
of friends, tweet date, hashtags, tweet source, and retweet indicators. 

Among all available attributes, the tweet text column was selected as the 
primary feature for sentiment analysis because it directly contains user opinions 
and textual sentiment information. Prior to analysis, the dataset was inspected 
to identify duplicate records and missing values that could negatively affect 
model performance. Duplicate tweets and rows containing missing textual data 
were removed to ensure data consistency and quality. After the cleaning 
process, a total of 9,697 tweets were retained and used in the experimental 
process. 

Data Preprocessing 

Data preprocessing was conducted to normalize and clean blockchain-related 
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tweets before the sentiment classification process. Twitter data are generally 
noisy and highly unstructured because users frequently utilize informal 
language, abbreviations, hashtags, hyperlinks, emojis, and special symbols that 
may negatively affect sentiment classification performance if irrelevant 
information is not properly removed. Therefore, several preprocessing 
techniques were implemented in this study to improve text quality and 
standardize the textual data format. First, all tweet text was converted into 
lowercase format to ensure consistency between words with different 
capitalization styles. Hyperlinks and URLs were removed because they do not 
contribute meaningful semantic information for sentiment classification. Twitter 
user mentions beginning with the “@” symbol were also removed to eliminate 
irrelevant user references. In addition, hashtag symbols were removed while 
preserving the keyword text itself to retain contextual information related to 
blockchain and cryptocurrency discussions. Punctuation marks, numbers, and 
non-alphabetic characters were removed to reduce textual noise, while multiple 
whitespace characters were replaced with single spaces to standardize 
sentence formatting. After preprocessing, tweets with empty textual content 
were discarded from the dataset. The cleaned textual data were then stored in 
a new feature column named clean_text and used as input for the DistilBERT 
sentiment classification model. 

Sentiment Labeling 

Sentiment labeling was performed automatically using the VADER (Valence 
Aware Dictionary and Sentiment Reasoner) sentiment analyzer. VADER is a 
lexicon-based sentiment analysis approach specifically designed for social 
media text and short informal sentences. The sentiment labeling process 
utilized the compound sentiment score generated by VADER to classify each 
tweet into Positive, Neutral, and Negative sentiment categories. 

The sentiment classification rules used in this study are defined as follows: 

Positive sentiment classification: 

𝐶𝑜𝑚𝑝𝑜𝑢𝑛𝑑 𝑆𝑐𝑜𝑟𝑒 ≥ 0.05 (1) 

Negative sentiment classification: 

𝐶𝑜𝑚𝑝𝑜𝑢𝑛𝑑 𝑆𝑐𝑜𝑟𝑒 ≤ −0.05 (2) 

Neutral sentiment classification: 

−0.05 < 𝐶𝑜𝑚𝑝𝑜𝑢𝑛𝑑 𝑆𝑐𝑜𝑟𝑒 < 0.05 (3) 

Each sentiment category was represented using numerical labels: 

0 = Negative  

1 = Neutral  

2 = Positive  

Following the labeling process, sentiment distribution analysis was conducted 
to identify the proportion of each sentiment category within the blockchain tweet 
dataset. 

Exploratory Data Analysis 
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Exploratory Data Analysis (EDA) was performed to analyze the characteristics 
of the blockchain tweet dataset before the model training process. Several 
visualization techniques were implemented to provide insights into textual 
patterns, tweet characteristics, and sentiment distribution within the dataset. 
The EDA process included sentiment distribution analysis, tweet length 
distribution analysis, word frequency analysis using word cloud visualization, 
confusion matrix visualization, normalized confusion matrix analysis, and 
prediction probability visualization. Sentiment distribution analysis was 
conducted to identify the proportion of Positive, Neutral, and Negative sentiment 
categories in blockchain-related Twitter discussions. Tweet length analysis was 
performed to determine the average number of words used in blockchain tweets 
and examine the textual characteristics of social media discussions. In addition, 
word cloud visualization was generated to identify the most frequently occurring 
keywords related to blockchain and cryptocurrency topics. Confusion matrix and 
normalized confusion matrix visualizations were utilized to evaluate 
classification performance for each sentiment category in detail, while prediction 
probability visualization was implemented to analyze the confidence level of the 
DistilBERT sentiment classification model. 

Dataset Splitting 

The dataset was divided into training data and testing data using the train-test 
split method. In this study, 80% of the dataset was allocated for training and 
20% was allocated for testing. Stratified sampling was applied during dataset 
splitting to preserve the original sentiment class distribution across both training 
and testing datasets. 

The train-test split process utilized a random state value of 42 to ensure 
reproducibility and consistency of experimental results. After splitting, the 
training dataset contained 7,757 tweets, while the testing dataset contained 
1,940 tweets. 

DistilBERT Model Development 

This study utilized DistilBERT as the transformer-based architecture for 
sentiment classification. DistilBERT is a lightweight version of the Bidirectional 
Encoder Representations from Transformers (BERT) model developed through 
knowledge distillation techniques. Compared to the original BERT architecture, 
DistilBERT provides reduced computational complexity, lower memory usage, 
and faster training time while maintaining competitive language understanding 
capability. 

The pre-trained model used in this study was distilbert-base-uncased obtained 
from the Hugging Face Transformers library. Before training, textual input was 
tokenized using the DistilBERT tokenizer to convert textual sequences into 
numerical token representations. The tokenization process generated input IDs 
and attention masks required for transformer model processing. 

The tokenization process can be represented as follows: 

𝑋 = {𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑛} (4) 

𝑋represents the sequence of tokenized input words. 

The DistilBERT classification process is represented as follows: 
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𝑦 = 𝐷𝑖𝑠𝑡𝑖𝑙𝐵𝐸𝑅𝑇(𝑋) (5) 

𝑦represents the predicted sentiment label generated by the transformer model. 

Several tokenization parameters were applied: 

Maximum sequence length: 128 tokens  

Padding strategy: max_length  

Truncation: enabled  

The DistilBERT architecture was configured for multi-class classification with 
three output labels corresponding to Positive, Neutral, and Negative sentiment 
classes. 

Model Training 

The model training process was conducted using the Hugging Face Trainer API. 
Fine-tuning was applied to adapt the pre-trained DistilBERT model to the 
blockchain tweet sentiment classification task. 

The Adam optimizer was used to optimize model parameters during training. 
Evaluation was performed at the end of each epoch to monitor model 
performance and prevent excessive overfitting. GPU acceleration through 
CUDA was utilized when available to improve training efficiency and reduce 
computation time. 

The optimization process aimed to minimize the loss function: 

𝐿𝑜𝑠𝑠 = −∑𝑦𝑖

𝑛

𝑖=1

log(𝑦𝑖̂) (6) 

𝑦𝑖represents the actual label and 𝑦𝑖̂represents the predicted probability. 

The best-performing model was automatically selected based on the highest 
Macro F1-score obtained during evaluation. 

Performance Evaluation 

Model performance was evaluated using several classification metrics, 
including Accuracy, Precision, Recall, and Macro F1-score. These metrics were 
selected to provide a comprehensive assessment of sentiment classification 
performance, particularly because the dataset exhibited class imbalance 
between Positive, Neutral, and Negative sentiment categories. 

Accuracy measures the proportion of correctly classified predictions among all 
predictions. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (7) 

Precision measures the proportion of correctly predicted positive observations 
among all predicted positive observations. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (8) 
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Recall measures the proportion of correctly predicted positive observations 
among all actual positive observations. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (9) 

F1-score represents the harmonic mean of Precision and Recall. 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (10) 

Macro F1-score was selected as the primary evaluation metric because it 
provides balanced performance evaluation across imbalanced sentiment 
classes. 

In addition to numerical evaluation metrics, confusion matrix analysis and 
normalized confusion matrix visualization were also performed to evaluate 
classification performance for each sentiment category in detail. 

Prediction Analysis 

To further analyze the effectiveness of the proposed model, a sample tweet 
prediction experiment was conducted. The trained DistilBERT model generated 
probability scores for each sentiment class using the softmax activation 
function. This analysis was used to examine the confidence level of the 
sentiment classification results and evaluate the semantic understanding 
capability of the transformer-based model. 

The softmax probability function is represented as follows: 

𝑃(𝑦𝑖) =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝐾
𝑗=1

 (11) 

𝑃(𝑦𝑖)represents the probability of each sentiment class and 𝐾represents the 
total number of sentiment categories. 

Results 

Dataset Overview 

The blockchain tweet dataset initially consisted of 10,000 tweets collected from 
Twitter discussions related to blockchain technology and cryptocurrency topics. 
The dataset contained various tweet characteristics, including informal 
language, hashtags, hyperlinks, mentions, and duplicated content commonly 
found in social media data. To improve data quality and prepare the dataset for 
transformer-based sentiment analysis, several preprocessing techniques were 
applied. These preprocessing steps included converting all text into lowercase 
format, removing URLs, eliminating user mentions, cleaning hashtags, removing 
punctuation and special characters, and normalizing whitespace. After removing 
duplicate and missing entries, a total of 9,697 tweets were retained for further 
analysis. 

Sentiment labeling was performed using the VADER sentiment analyzer to 
classify tweets into three sentiment categories: Positive, Neutral, and Negative. 
The sentiment distribution results indicate that blockchain-related discussions 
on Twitter were predominantly positive, with 7,299 positive tweets, 1,875 neutral 
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tweets, and 523 negative tweets. This finding suggests that most Twitter users 
expressed optimistic opinions regarding blockchain technology, cryptocurrency 
adoption, and digital financial innovation. Table 1 presents the detailed 
sentiment distribution of the blockchain tweet dataset. 

Table 1 Sentiment Distribution of Blockchain Tweets 

Sentiment Class Number of Tweets 

Positive 7,299 

Neutral 1,875 

Negative 523 

Tweet Length Distribution 

Tweet length analysis was conducted to examine the textual characteristics of 
blockchain-related discussions on Twitter. The analysis showed that the 
average tweet length was 25.44 words, with the shortest tweet containing 3 
words and the longest tweet consisting of 53 words. Most tweets were 
concentrated within the range of 20 to 35 words, indicating that blockchain 
discussions on Twitter generally consist of short-to-medium text sequences. 
This distribution suggests that users tend to express opinions, market reactions, 
and cryptocurrency-related information in concise textual formats. The relatively 
moderate tweet length is also suitable for transformer-based language models 
such as DistilBERT, which are effective in capturing contextual semantic 
information from short social media texts. Figure 2 illustrates the distribution of 
tweet lengths in the blockchain tweet dataset. 

 

Figure 2 Distribution of Tweet Length 

Word Cloud Analysis 

Word cloud visualization was generated to identify the most frequently occurring 
words and dominant discussion topics within the blockchain tweet dataset. The 
visualization revealed that terms such as blockchain, crypto, cardano, 
transaction, fintech, project, support, and whale appeared most frequently in 
Twitter conversations. The prominence of these keywords indicates that public 



 Journal of Digital Society 

 

Alanazi (2026) J. Digit. Soc. 

 

250 

 

 

discussions largely focused on cryptocurrency projects, blockchain-based 
financial technologies, digital transactions, decentralized finance activities, and 
investment-related trends. In addition, the frequent appearance of words related 
to support and projects suggests that many users expressed optimistic opinions 
and positive engagement toward blockchain innovation and cryptocurrency 
adoption. The presence of cryptocurrency-specific terminology also 
demonstrates the informal and domain-specific nature of blockchain discussions 
on social media platforms. Figure 3 presents the word cloud visualization of 
blockchain-related tweets. 

 

Figure 3 Word Cloud of Blockchain Tweets 

Model Training Performance 

The proposed sentiment classification model was developed using the 
DistilBERT transformer architecture to classify blockchain-related tweets into 
Positive, Neutral, and Negative sentiment categories. The model training 
process utilized a learning rate of 2e-5, a batch size of 16, and a total of three 
training epochs. During training, the dataset was divided into training and testing 
sets using stratified sampling to preserve the original sentiment distribution 
across classes. The training process aimed to optimize the model’s ability to 
learn contextual semantic representations from noisy and informal Twitter text. 
Several evaluation metrics, including Accuracy, Macro Precision, Macro Recall, 
and Macro F1-score, were calculated at the end of each epoch to monitor model 
performance and generalization capability. The experimental results 
demonstrate that the DistilBERT model consistently achieved high classification 
performance throughout the training process. Table 2 presents the detailed 
model performance results for each training epoch. 

Table 2 Model Performance During Training 

Epoch 
Validation 

Loss 
Accuracy 

Macro 
Precision 

Macro Recall 
Macro F1-

score 

1 0.224 92.47% 88.25% 76.20% 80.50% 

2 0.209 93.61% 85.85% 85.35% 85.57% 

3 0.232 93.97% 86.92% 83.88% 85.30% 
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The experimental results show that the best model performance was achieved 
during Epoch 2, where the DistilBERT model obtained a Macro F1-score of 
85.57% with an accuracy of 93.61%. The improvement in Macro F1-score from 
Epoch 1 to Epoch 2 indicates that the model successfully learned contextual 
semantic patterns from blockchain-related tweets during the training process. 
Although the overall accuracy slightly increased during Epoch 3, the validation 
loss also increased from 0.209 to 0.232, while the Macro F1-score slightly 
decreased. This condition suggests the beginning of overfitting, where the 
model started to memorize training data patterns rather than improving its 
generalization capability on unseen data. The use of validation loss and Macro 
F1-score as evaluation indicators was important to monitor model stability and 
prevent excessive training. Figure 4 illustrates the evaluation loss trend during 
the model training process across all epochs. 

 

Figure 4 Evaluation Loss per Epoch 

Classification Performance 

The final evaluation results of the DistilBERT sentiment classification model are 
presented in table 3. The evaluation process was conducted using the testing 
dataset to measure the model’s ability to classify blockchain-related tweets into 
Positive, Neutral, and Negative sentiment categories. Several performance 
metrics were used in this study, including Accuracy, Macro Precision, Macro 
Recall, and Macro F1-score, to provide a comprehensive assessment of 
classification performance. The experimental results show that the proposed 
model achieved an accuracy of 93.61%, a Macro Precision of 85.85%, a Macro 
Recall of 85.35%, and a Macro F1-score of 85.57%. These results indicate that 
the model was able to classify sentiment categories with a high level of accuracy 
and balanced predictive capability across different sentiment classes. 

The strong classification performance demonstrates that the transformer-based 
DistilBERT architecture is highly effective for analyzing noisy and informal social 
media text related to blockchain and cryptocurrency discussions. The high 
Macro F1-score further indicates that the model maintained stable performance 
despite the imbalanced sentiment distribution within the dataset, where positive 
tweets significantly outnumbered negative tweets. In addition, the contextual 
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understanding capability of DistilBERT enabled the model to capture semantic 
relationships and domain-specific terminology commonly used in blockchain-
related conversations on Twitter. Overall, the evaluation results confirm that 
transformer-based approaches are suitable for sentiment analysis tasks 
involving cryptocurrency and blockchain discussions on social media platforms. 

Table 3 Final Evaluation Results 

Metric Score 

Accuracy 93.61% 

Macro Precision 85.85% 

Macro Recall 85.35% 

Macro F1-score 85.57% 

Confusion Matrix Analysis 

The confusion matrix analysis shows that the DistilBERT model achieved the 
highest classification performance on the Positive sentiment class compared to 
the Neutral and Negative classes. Most positive tweets were correctly classified, 
indicating that the model was highly effective in identifying optimistic 
expressions and favorable opinions related to blockchain technology and 
cryptocurrency discussions. The confusion matrix also reveals that a small 
number of Neutral and Negative tweets were incorrectly classified as Positive, 
which is likely influenced by the dominance of positive sentiment within the 
dataset. In contrast, the Negative class achieved lower classification 
performance due to the limited number of negative samples and the complexity 
of informal crypto-related language commonly used on Twitter. Despite these 
challenges, the model still demonstrated strong overall classification capability 
across all sentiment categories. Figure 5 illustrates the confusion matrix results 
of the proposed DistilBERT sentiment classification model. 

 

Figure 5 Confusion Matrix of DistilBERT Sentiment Classification 
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The normalized confusion matrix analysis provides a clearer interpretation of the 
classification performance for each sentiment category by presenting the recall 
values in percentage form. The results show that the Positive sentiment class 
achieved the highest recall score of 97%, indicating that the majority of positive 
blockchain-related tweets were correctly identified by the DistilBERT model. The 
Neutral class obtained a recall score of 86%, demonstrating that the model was 
also effective in recognizing tweets containing balanced or informational 
opinions. Meanwhile, the Negative class achieved a recall score of 73%, which 
was lower compared to the other sentiment categories. This lower performance 
was likely influenced by the imbalance of the dataset and the relatively small 
number of negative tweet samples available during training. In addition, negative 
cryptocurrency-related tweets often contain ambiguous expressions, slang, and 
informal language that increase classification difficulty. Overall, the normalized 
confusion matrix demonstrates that the proposed model maintained strong and 
balanced sentiment classification performance across all classes. Figure 6 
shows the normalized confusion matrix of the DistilBERT sentiment 
classification model. 

 

Figure 6 Normalized Confusion Matrix 

Prediction Probability Analysis 

Prediction probability analysis was conducted using a sample blockchain-
related tweet to evaluate the confidence level of the DistilBERT sentiment 
classification model. The sample tweet, “Blockchain technology is 
revolutionizing finance and crypto adoption is increasing fast,” was processed 
through the trained model to obtain sentiment probability scores for each class. 
The experimental results show that the model predicted a Positive sentiment 
probability of 77.53%, a Neutral probability of 19.31%, and a Negative 
probability of 3.15%. Based on these probability values, the model classified the 
tweet as Positive sentiment. The high positive probability indicates that 
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DistilBERT successfully captured contextual semantic patterns associated with 
blockchain innovation, financial technology development, and increasing 
cryptocurrency adoption. In addition, the low negative probability demonstrates 
that the model effectively distinguished optimistic blockchain-related 
expressions from negative or neutral sentiment patterns. These results suggest 
that the proposed transformer-based model was capable of generating confident 
and interpretable sentiment predictions for blockchain discussions on social 
media platforms. Figure 7 presents the sentiment prediction probabilities 
generated by the DistilBERT model. 

 

Figure 7 Sentiment Prediction Probability 

Discussion 

The experimental results demonstrate that the proposed DistilBERT model 
achieved strong performance in classifying blockchain-related tweets into 
Positive, Neutral, and Negative sentiment categories. The model obtained an 
accuracy of 93.61% and a Macro F1-score of 85.57%, indicating that 
transformer-based architectures are highly effective for sentiment analysis tasks 
involving noisy and informal social media text. This finding is consistent with 
previous studies showing that transformer-based models such as BERT, 
DistilBERT, RoBERTa, and other deep learning architectures can effectively 
improve sentiment classification performance on Twitter data and other short-
text social media datasets [21], [22]. The strong classification performance 
suggests that DistilBERT successfully learned contextual semantic 
representations from blockchain-related discussions despite the presence of 
slang, abbreviations, hashtags, and cryptocurrency-specific terminology 
commonly found on Twitter. Unlike traditional machine learning approaches that 
rely heavily on manual feature extraction techniques, DistilBERT utilizes 
contextual embeddings and self-attention mechanisms to better understand 
semantic relationships between words within a sentence. This capability allowed 
the model to effectively interpret short-text discussions related to cryptocurrency 
investment, blockchain innovation, decentralized finance, and digital asset 
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adoption. The experimental findings also indicate that transformer-based 
models are highly suitable for analyzing social media data where textual 
patterns are often unstructured and highly dynamic [23]. 

The sentiment distribution analysis revealed that blockchain-related Twitter 
discussions were predominantly positive, with positive tweets significantly 
outnumbering neutral and negative tweets. This finding suggests that Twitter 
users generally express optimistic opinions regarding blockchain technology, 
cryptocurrency projects, financial innovation, and digital investment 
opportunities. Similar findings have been reported in previous cryptocurrency 
sentiment analysis studies, where social media discussions related to 
blockchain and cryptocurrency markets often showed a dominant positive 
sentiment orientation [24]. The confusion matrix analysis further demonstrated 
that the Positive sentiment class achieved the highest recall score of 97%, 
indicating that the model was highly effective in recognizing supportive and 
optimistic expressions related to blockchain discussions. In contrast, the 
Negative class achieved lower classification performance due to the imbalance 
of the dataset and the relatively limited number of negative tweet samples 
available during training. In addition, negative cryptocurrency-related tweets 
often contain sarcasm, ambiguous wording, and informal language patterns that 
increase classification difficulty. Although the model demonstrated strong overall 
performance, several limitations were identified in this study. The sentiment 
labeling process was automatically generated using the VADER lexicon-based 
approach rather than manual human annotation, which may introduce labeling 
noise and reduce annotation accuracy. Previous studies have emphasized that 
lexicon-based sentiment labeling can provide useful silver-standard labels for 
large-scale Twitter analysis, but manual annotation or hybrid validation is still 
important to improve label reliability [25]. Future research may improve this 
framework by using manually annotated datasets, applying data balancing 
techniques, and comparing multiple transformer architectures such as BERT, 
RoBERTa, and FinBERT for blockchain sentiment analysis tasks. 

Conclusion  

This study proposed a transformer-based sentiment analysis framework using 
the DistilBERT model to classify blockchain-related tweets into Positive, Neutral, 
and Negative sentiment categories. The experimental results demonstrated that 
the proposed model achieved strong classification performance, obtaining an 
accuracy of 93.61% and a Macro F1-score of 85.57%. These results indicate 
that DistilBERT was highly effective in capturing contextual semantic information 
from noisy and informal social media text related to blockchain and 
cryptocurrency discussions. The preprocessing techniques applied in this study, 
including lowercase transformation, URL removal, mention removal, hashtag 
cleaning, punctuation removal, and whitespace normalization, contributed to 
improving the quality of the textual data and enhancing the overall model 
performance. In addition, the sentiment distribution analysis revealed that 
blockchain-related discussions on Twitter were predominantly positive, 
indicating that users generally expressed optimistic opinions regarding 
blockchain technology, cryptocurrency adoption, decentralized finance, and 
digital financial innovation. The confusion matrix analysis further showed that 
the Positive sentiment class achieved the highest classification performance, 
while the Negative class remained more challenging due to dataset imbalance, 
limited negative samples, and the complexity of informal cryptocurrency-related 
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language used on Twitter. Despite these limitations, the proposed DistilBERT 
model demonstrated stable and reliable sentiment classification capability 
across all sentiment categories. Overall, the findings confirm that transformer-
based approaches are highly suitable for blockchain sentiment analysis tasks 
and have strong potential for practical applications in cryptocurrency market 
monitoring, public opinion analysis, blockchain trend analysis, and financial 
decision support systems. Future research may improve this framework by 
utilizing manually annotated datasets, implementing data balancing techniques, 
and comparing multiple transformer architectures such as BERT, RoBERTa, 
and FinBERT to further enhance sentiment classification performance on 
blockchain-related social media data. 
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