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Abstract- Cryptocurrency markets are strongly 

influenced by public sentiment shared on social media 

platforms, especially Twitter, where opinions and 

reactions can rapidly affect market behaviour. 

Accurate sentiment analysis of cryptocurrency-related 

tweets is therefore important for market analysis and 

decision-support systems. This study presents a 

comparative analysis of three transformer-based 

language models—RoBERTa, DeBERTa, and 

FinBERT—for multi-class sentiment classification of 

cryptocurrency tweets. To ensure reliable evaluation, 

experiments are conducted using three train–test split 

configurations: 60–40, 70–30, and 80–20. The dataset 

is systematically cleaned, normalized, labelled, and 

balanced using two preprocessing techniques to 

support consistent experimentation. Model 

performance is evaluated using accuracy, precision, 

recall, F1-score, specificity, and ROC-AUC metrics. 

In addition to individual model evaluation, a weighted 

soft-voting ensemble framework is proposed to 

combine the probabilistic outputs of all models. 

Experimental results demonstrate that the ensemble 

approach consistently outperforms the individual 

models across all evaluation settings, achieving an F1-

score of 85.82% and an accuracy of 86.00%, with the 

best results obtained using the 80–20 split. These 

findings indicate that ensemble learning improves 

prediction stability, reliability, and generalization for 

cryptocurrency sentiment analysis. 
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1. INTRODUCTION 

The rapid expansion of cryptocurrency markets has 

reshaped modern financial systems, increasing the use 

of digital platforms for information sharing and 

investment decision-making. Twitter is one of the 

platforms that investors, analysts, and the public 

frequently use to express opinions and feedback 

regarding cryptocurrency assets. According to 

previous research [1], Twitter sentiment can have an 

impact on market behaviour and assist in predicting 

short-term financial movements. In financial analytics 

and decision-support systems, automated sentiment 

analysis of cryptocurrency-related tweets has 

therefore gained increasing importance. However, due 

to their informality and context-dependent nature, 

cryptocurrency-related tweets are challenging to 

analyse. Social media content often uses 

abbreviations, hashtags, emojis, colloquialisms, and 

evolving domain-specific terms. Handcrafted features 

and basic classifiers in traditional machine learning 

methods often fail to capture these patterns, limiting 

their generalization capabilities [2]. As a result of 

these difficulties, the use of Deep Learning techniques 

able to better model meaningful and relevant 

relationships have emerged. Recent developments in 

natural language processing (NLP), especially 

transformer-based models, have improved sentiment 

classification in various text domains. Transformer 

architectures, which use self-attention mechanisms to 

understand long-range dependencies and contextual 

meaning, can understand language better than 

traditional methods [3]. In sentiment analysis tasks, 

models such as RoBERTa, which is an optimized 

version of BERT [4], and DeBERTa, which improves 
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attention and representation learning, have achieved 

strong results. Pretrained on financial text corpora, 

FinBERT has also demonstrated strong performance 

in financial sentiment analysis [5]. Despite the strong 

representation capabilities of Transformer models, 

using a single model can lead to unstable evaluation 

results. The size of the dataset, the partitioning of the 

data, and the characteristics of the domain all impact 

the performance of the model. By combining the 

results of multiple models, previous studies have 

shown that ensemble learning techniques can improve 

the stability and reliability of predictions [6]. 

Ensemble methods that combine multiple deep 

learning models have shown promising results in 

cryptocurrency sentiment analysis [7]. Based on these 

findings, this study compares RoBERTa, DeBERTa, 

and FinBERT for multi-class sentiment classification 

of cryptocurrency-related Twitter data. The outputs of 

the individual models are combined using a weighted 

soft-voting ensemble framework. The outputs of the 

individual models are combined using a weighted soft-

voting ensemble framework. To ensure the accuracy of 

the evaluation, a various of train-test split 

configurations are used. This work aims to improve 

classification accuracy, stability, and generalization in 

crypto-sentiment analysis by combining Ensemble 

Learning with Transformer-based models. 

 

2. PROBLEM STATEMENT 

In sentiment analysis tasks, Transformer-based 

language models have shown strong performance. 

However, there are several obstacles to applying these 

to Twitter data related to cryptocurrency. Tweets about 

cryptocurrency tend to be informal and context-

dependent, often using abbreviations, emojis, sarcasm, 

and terminology specific to the sector. These features 

Increasing noise and ambiguity in these features 

further increases the difficulty of sentiment 

classification. For evaluation, many existing studies 

use a single Transformer architecture and a fixed train-

test split. Because model performance is sensitive to 

data partitioning, dataset size, and class distribution, 

this approach may lead to unstable or biased results. 

Since the distribution of data varies over time, the 

reported results may not apply well to the real world. 

Furthermore, different Transformer models can 

capture different linguistic and semantic patterns, but 

these properties often do not combine when the 

models are evaluated separately. Another difficulty is 

accurately comparing multiple transformer 

architectures. It is difficult to evaluate the relative 

performance of different models without consistent 

preprocessing procedures, controlled hyperparameter 

settings, and evaluation across multiple train-test 

splits. Although various machine learning applications 

have shown that ensemble learning reduces prediction 

variance and improves reliability, its structured 

integration in cryptocurrency sentiment analysis with 

transformer models is still underexplored. 

Therefore, the main goal of this study is to build a 

reliable sentiment classification framework for 

cryptocurrency-related Twitter data that: (i) examines 

a variety of transformer architectures in different train-

test split configurations, (ii) ensures that performance  

evaluations are consistent and reproducible, and (iii) 

Uses a weighted grouping strategy to increase 

generalization and classification accuracy. 

 

3. LITERATURE REVIEW 

Machine learning and deep learning have been 

used extensively to study sentiment analysis, 

especially in the financial text and social media 

domains. Initially, traditional models such as logistic 

regression, Naive Bayes, and support vector machines 

(SVM) were used, along with hand-crafted lexical and 

statistical features. Although these techniques were 

understandable and computationally efficient, their 

ability to capture semantic relationships and long-

range dependencies in informal text was limited, 

making them less useful for difficult sentiment tasks 

[8]. Language modelling was enhanced by the 

introduction of distributed word representations. 

Word2Vec and other similar approaches learn dense 

vector representations of semantic similarity between 

words [9]. Deep learning models have used these 

representations to improve their performance in 

sentiment analysis and financial prediction. Topic 

modelling-based sentiment analysis was used to 

predict the stock market by Nguyen and Shirai [10], 
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emphasizing the importance of social media-based 

contextual sentiment signals. By using a self-attention 

mechanism to model contextual dependencies, the 

Transformer architecture further improved sentiment 

classification. BERT was introduced by Devlin et al. 

[11], and it performed well on a variety of NLP tasks. 

RoBERTa reported high emotion classification 

accuracy and improved the pretraining process [12]. 

DeBERTa improved the performance of context-

dependent representation and classification by 

enhancing the attention mechanism [13] Domain-

specific Transformer models have demonstrated 

efficiency in financial applications. FinBERT, 

developed by ProsusAI [14], was successful in 

analyzing financial news and market text after 

pretraining on financial corpora. Khedr et al. [15] 

emphasized the importance of sentiment indicators in 

forecasting when discussing the application of 

machine learning and deep learning models for 

predicting cryptocurrency prices. Ensemble learning 

methods have also been used to improve sentiment 

classification. By combining their predictions, 

ensemble classifiers can outperform individual 

models, as reported by Zhang et al. [16]. The LSTM-

GRU ensemble framework of Aslam et al. [7] was 

found to perform better than a single model in 

cryptocurrency sentiment analysis. Recent advances in 

deep learning have shown significant success in 

medical image analysis, particularly for detecting 

COVID-19 from lung imaging data. In one study, a 

framework known as COVID Net-Predictor was 

proposed to improve diagnostic accuracy using chest 

imaging datasets. The model integrates a multi-head 

Convolutional Neural Network (CNN) with Long 

Short-Term Memory (LSTM) layers to capture both 

spatial and sequential characteristics of medical 

images. A hybrid optimization approach was applied 

to improve feature selection and enhance classification 

performance. In addition, preprocessing, 

segmentation, and feature fusion stages were 

incorporated to improve robustness across diverse 

datasets. The experimental results demonstrated high 

predictive accuracy, indicating that the system could 

support real-time clinical decision making during 

pandemic situations [19]. 

Another study presented an optimized deep 

learning framework for automated COVID-19 

prediction using lung imaging modalities such as chest 

X-rays and CT scans. The proposed approach 

employed an enhanced CNN architecture combined 

with transfer learning techniques to improve model 

generalization, particularly when training data is 

limited. Data augmentation and noise reduction 

techniques were applied to improve robustness and 

reduce overfitting. The framework was able to 

accurately differentiate COVID-19 cases from normal 

and other pneumonia conditions. The findings 

highlight the effectiveness of intelligent imaging-

based systems in enabling rapid screening and 

reducing the diagnostic burden on healthcare 

professionals [20]. Despite these advancements, many 

studies use a fixed train-test split to evaluate 

performance and employ a single model architecture. 

Particularly in dynamic areas like cryptocurrency 

markets, these evaluation methods may result in 

unstable outcomes. Furthermore, the use of multiple 

transformer models and data split configurations 

simultaneously has received less attention. To improve 

classification accuracy and generalization in 

cryptocurrency sentiment analysis, this study 

investigates RoBERTa, DeBERTa, and FinBERT 

under different train-test splits and proposes a 

weighted soft-voting ensemble framework. 

 

4. DATASET DESCRIPTION 

A. Dataset Overview 

The experiment used a balanced and curated 

dataset of tweets about cryptocurrencies collected 

from Twitter. This dataset is designed for multi-class 

sentiment classification and contains public opinions 

and discussions related to the cryptocurrency market. 

Each tweet is labelled positive, neutral, or negative. 

The dataset was balanced across the three sentiment 

classes to guarantee accurate evaluation. The final 

dataset contains 9,000 tweets, with an equal number of 

samples for each class. This balanced distribution 

helps avoid classification bias and makes it easier to 

compare different models and training-test split 

settings in a consistent manner. On Kaggle, the dataset 
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is available to the public: 

https://www.kaggle.com/datasets/leoth9/crypto-

tweets/data. 

B. Dataset Properties and Feature Description 

In addition to the additional features created during 

preprocessing, the dataset also includes unstructured 

text that was collected from social media posts. Each 

tweet was cleaned using text normalization steps such 

as lowercasing and noise removal in addition to the 

original content. To help with the analysis and model, 

several additional features were extracted. These 

include a binary indicator indicating the presence of 

question marks, the total number of tokens in the 

cleaned text, and the number of exclamation points. 

Each tweet is labelled positive (2), neutral (1), or 

negative (0). This dataset combines text content with 

these additional features to perform in-depth sentiment 

analysis of cryptocurrency-related discussions. The 

main characteristics of the dataset are given in Table 

1, including label distribution, data type, total number 

of samples, sentiment categories, and domain focus. 

The dataset is designed for balanced multi-class 

sentiment classification and is limited to the 

cryptocurrency industry. 

Table 1: Dataset Properties Table 

Attribute Description 

Data Type Text (Twitter Tweets) 

Total Samples 9,000 

Sentiment 

Classes 

3 (Positive, Neutral, 

Negative) 

Domain Cryptocurrency 

Label 

Distribution 

Balanced 

Additional 

Features 

Token length, punctuation 

indicators 

 

 

 

C. Class Distribution and Feature Correlation 

Analysis 

To further analyse the dataset, a correlation 

analysis was used to examine the relationship between 

the sentiment labels and the additional textual features 

extracted. The resulting heatmap shows in Fig. 1, 

shows the relationship between sentiment categories 

and features such as the number of tokens used, 

punctuation, and the presence of question marks. This 

analysis justifies the use of these features in the 

preprocessing stage and helps determine whether they 

are useful for sentiment classification. 

 

Fig. 1. Correlation heatmap illustrating relationships 

between sentiment labels and auxiliary textual 

features in the cryptocurrency tweet dataset. 

 

5. DATA PREPROCESSING AND SENTIMENT 

LABELING METHODOLOGY 

To prepare cryptocurrency-related Twitter data for 

Transformer-based classification, this study uses a 

structured and repeatable process for sentiment 

labelling and preprocessing. Preprocessing is essential 

to preserve the meaning associated with sentiment as 

well as improve data quality, as social media text is 

often informal and noisy. To check the consistency in 

performance and to see how text normalization and 

additional feature integration affect the classification 

results, two different preprocessing methods are used. 

https://www.kaggle.com/datasets/leoth9/crypto-tweets/data
https://www.kaggle.com/datasets/leoth9/crypto-tweets/data
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A. Dataset Loading and Encoding Detection 

The Twitter dataset was created using CSV 

(comma-separated values). Character encoding may 

vary or be unknown because social media data often 

includes special characters, emojis, and text written in 

multiple languages. To fix this, an automatic encoding 

detection step using byte-level sampling was 

implemented. This ensures that the data is loaded 

correctly and that character corruption won't impact 

tokenization or introduce semantic errors during 

preprocessing. Let B be a representation of the raw 

byte stream of the dataset. The most likely character 

encoding is identified with the encoding detection 

function 𝑓enc(𝐵),and the dataset is decoded using this 

encoding before any further processing. Because 

incorrect decoding can alter the text content and 

subsequently negatively impact model performance, 

this approach is considered preferable to assuming a 

fixed encoding such as UTF-8. 

B. Text Cleaning Strategy 

Cryptocurrency tweets often include shortened 

URLs, user mentions, hashtags, emojis, extra 

whitespace, and duplicate content. During model 

training, these elements can introduce irrelevant 

patterns that do not necessarily reflect sentiment. To 

manage this, two text normalization approaches were 

applied: a basic preprocessing pipeline and an 

advanced pipeline that includes additional feature 

extraction. 

C. Methodology 1: Simple Text Preprocessing 

Basic normalization is used in the first 

preprocessing pipeline to get rid of surface-level noise 

and retain context information needed by transformer 

models. Because excessive text modification can alter 

the relationships that depend on context and are 

essential for the self-attention mechanism, only 

minimal cleaning steps are performed. 

A tweet should be represented as a series of tokens: 

𝑇 = {𝑤1, 𝑤2, … , 𝑤𝑛} 

Let U, M, and H denote sets of tokens representing 

URLs, user mentions, and hashtags.  

 

Noise removal is defined as follows: 

𝑇1 = {𝑤𝑖 ∈ 𝑇 ∣ 𝑤𝑖 ∉ (𝑈 ∪ 𝑀 ∪ 𝐻)} 

In this step, non-informative tokens are removed, 

but words related to the sentiment remain. Token-level 

filtering supports transformer-based representations 

by preserving sentence structure and context instead of 

removing entire phrases. 

Lowercase conversion is then applied: 

𝑇2 = {lower(𝑤𝑖) ∣ 𝑤𝑖 ∈ 𝑇1} 

Where "lower"(.) is converted from alphabetical 

character to lowercase. This results in better 

embedding consistency and reduced vocabulary 

variation due to case differences. Unlike stemming 

and lemmatization, lowercasing does not change the 

form of the word, and the meaning remains. 

Whitespace normalization is performed as: 

𝑇3 = normalize_space(𝑇2) 

This removes extra spaces without changing the 

order in which the tokens appear. Finally, empty and 

duplicate tweets are removed from the dataset. 

𝐷 = {𝑇1, 𝑇2, … , 𝑇𝑚} 

using: 

𝐷′ = {𝑇𝑖 ∈ 𝐷 ∣∣ 𝑇𝑖 ∣> 0} ∖ Duplicates(𝐷) 

Removing duplicate entries improves 

generalization and reduces bias from repeated content 

without increasing the size of the dataset. 

D. Sentiment Labelling and Class Balancing 

After text normalization, sentiment labels are 

assigned using a lexicon-based approach. Each tweet 

is assigned a polarity score of p, which is then 

classified into three sentiment classes: 

𝑦 = {

0, 𝑝 < 0(Negative)
1, 𝑝 = 0(Neutral)
2, 𝑝 > 0(Positive)

 

This approach ensures consistent and reusable 

labelling, without the need for manual annotation. The 

polarity score provides a consistent value that can be 

directly mapped to different sentiment categories. To 
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correct class imbalance, under-sampling is done based 

on the size of the smallest class. This ensures balanced 

evaluation across all sentiment categories, while 

preventing the creation of artificial samples and 

maintaining original language patterns. The overall 

process of Methodology 1 is shown in Fig. 2. 

 

Fig. 2. Workflow of Methodology 1 showing 

lightweight text preprocessing and lexicon-based 

sentiment labelling for cryptocurrency tweets. 

 

E. Methodology 2: Advanced Cleaning with 

Auxiliary Features 

The second preprocessing pipeline extends 

Methodology 1 by performing the aim of this approach 

is to investigate whether sentiment classification 

results can be improved and whether hand-crafted 

features can support transformer-based 

representations. 

Emoji and non-ASCII characters are removed as 

follows: 

𝑇4 = {𝑤𝑖 ∈ 𝑇3 ∣ ASCII(𝑤𝑖) = true} 

This step reduces the noise associated with 

encoding and maintains tokenization process 

compatibility. The token sequence is then adjusted to 

a fixed maximum length 𝐿max : 

𝑇6 = {
𝑇5[1: 𝐿max], ∣ 𝑇5 ∣> 𝐿max

pad(𝑇5), ∣ 𝑇5 ∣≤ 𝐿max
 

 

This guarantees the same input size of the 

transformer model.In addition to the processed text, 

three additional features are extracted: 

TokenLength =∣ 𝑇6 ∣ 

ExclamationCount = ∑𝐼(𝑤𝑖 = "! ") 

QuestionMark = {
1, "? " ∈ 𝑇6

0, otherwise
 

 

Structures such as emphasis and questioning 

patterns, which may be associated with emotions, are 

captured in these features. To maintain consistency, 

the same approach as Methodology 1 is used for 

sentiment labelling and class balancing. The complete 

preprocessing workflow is shown in Fig. 3. 

 

Fig. 3. Advanced preprocessing pipeline with extra 

feature extraction used in Methodology 2. 

F. Train–Test Split Strategy 

To evaluate the model performance and 

generalization, the processed and balanced datasets 

were tested using three train-test split ratios: 60% 

training and 40% testing, 70% training and 30% 

testing, and 80% training and 20% testing. To maintain 

a similar class distribution in the training and testing 
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sets, class-wise sampling was used. By using multiple 

split configurations, model performance can be 

compared under different training data sizes and the 

dependence on a single data partition can be reduced. 

 

6. TRANSFORMER MODEL TRAINING 

The cleaned and balanced cryptocurrency tweet 

dataset was used to further train three pretrained 

transformer models: RoBERTa, DeBERTa, and 

FinBERT. RoBERTa was chosen because it performs 

well on general emotion-related tasks and can also 

handle informal or noisy text well. DeBERTa was 

chosen because of its attention structure and 

representation method, which improves context 

understanding. FinBERT was included because it is 

specifically designed for financial texts. The use of 

these three models allows the system to identify 

different language patterns in cryptocurrency tweets. 

Each tweet contains tokens that can be represented 

as follows: 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛}, 

where 𝑛 ≤ 𝐿𝑚𝑎𝑥 and 𝐿𝑚𝑎𝑥 = 64 is the maximum 

sequence length. Maintaining a fixed sequence length 

helps manage memory usage and ensures consistent 

input sizes across batches. This approach preserves 

enough context for short tweets, making training more 

stable over inputs of varying lengths. The input 

sequence is converted into a contextual representation 

by a transformer encoder: 

𝐻 = TransformerEncoder(𝑋), 

 

Where 𝐻 ∈ ℝ𝑛×𝑑 and 𝑑 represent the size of the 

hidden dimension. Each token can consider all other 

tokens in the sequence due to self-attention. In this 

way, long-range relationships, changes in sentiment, 

and contextual signals that are difficult to model with 

recurrent or convolutional networks can be captured. 

Due to the informal and context-heavy nature of 

Twitter text, Transformer encoders are ideal for this 

task. 

The Special Classification Token ([CLS]) 

representations are extracted for multi-class sentiment 

classification, then passed through a linear layer and a 

softmax function: 

𝑦̂ = softmax(𝑊ℎCLS + 𝑏), 

 

The predicted probabilities for the sentiment 

classes are denoted by 𝑦 ̂ , and the parameters 𝑊 and 

𝑏 can be trained. 

The problem is a multi-class task, so Softmax is 

used. Each tweet belongs to only one class: negative, 

neutral, or positive. Softmax raw model outputs into 

probabilities that sum to one. Other options, such as 

argmax, only return the final class label without any 

probability information. SparseMax can create sparse 

probabilities, but this is less common in this setting 

and may impact training stability. The multi-label 

problems benefit from sigmoid activation when 

multiple classes can be applied simultaneously. For 

these reasons, softmax is used in together with cross-

entropy loss.  

Loss Function 

The model is trained by minimizing the categorical 

cross-entropy loss: 

𝐿 = − ∑ 𝑦𝑐

𝐶

𝑐=3

log (𝑦̂𝑐), 

 

where 𝐶 = 3 is the number of sentiment classes, 𝑦𝑐 

is the true label (one-hot encoded), and 𝑦̂𝑐 is the 

predicted probability for class 𝑐. Because it directly 

measures the difference between the true and predicted 

probability distributions, cross-entropy is considered 

superior to the mean square error in improving 

classification. 

Optimization 

Model parameters are updated using the AdamW 

optimizer: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂 ⋅
𝑚̂𝑡

√𝑣𝑡 + 𝜖
− 𝜆𝜃𝑡, 
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where 𝜂 denotes the learning rate, 𝑚̂𝑡 and 𝑣𝑡 are 

bias-corrected gradient estimates, 𝜆 is the weight 

decay coefficient, and 𝜖 is a small constant for 

numerical stability. When training large pretrained 

models, AdamW improves regularization by 

separating weight decay from gradient updates. All 

models were trained for six epochs using an NVIDIA 

GPU (CUDA) to speed up computation. To speed up 

the calculations, all models were trained with NVIDIA 

GPU (CUDA) for six epochs. The same training 

settings—learning rate, batch size, sequence length, 

and optimizer—were used for all models to ensure fair 

comparisons as shown in Table 2. 

Table 2: Hyperparameter Configuration Table 

 

 

 

 

 

 

 

 

 

 

7. SYSTEM ARCHITECTURE OVERVIEW 

Data preparation, model training, ensemble 

learning, and performance evaluation are all part of the 

step-by-step process that cryptocurrency sentiment 

analysis systems follow. The system uses a labelled 

offline Twitter dataset to classify sentiments into three 

categories: negative, neutral, and positive. After 

preprocessing and balancing, the tweets are divided 

using different train-test splits. RoBERTa, DeBERTa, 

and FinBERT process the cleaned text separately. A 

softmax layer is used to generate class probabilities for 

each model. 

The weighted soft-voting technique combines the 

outputs of three models to increase prediction 

consistency. This strategy reduces prediction errors 

and makes the final output more stable. The Accuracy, 

precision, recall, F1-score, specificity and ROC-AUC 

of different train-test splits are used to evaluate the 

performance. 

A. System Architecture Block Diagram 

The workflow of the entire system is shown in Fig. 

4. It outlines the process from the initial data collection 

to the final ensemble-based sentiment evaluation. 

 

Fig. 4. System Architecture of the Proposed 

Cryptocurrency Twitter Sentiment Analysis 

Framework 

 

8. PERFORMANCE EVALUATION METRICS 

AND RESULTS 

A. Performance Evaluation Metrics 

Accuracy, precision, recall, F1-score, and 

specificity are common multi-class classification 

metrics that were used to evaluate the system. Macro-

averaging was applied to give equal weight to each 

sentiment class, regardless of how many samples 

belonged to each class. 

 In addition to these metrics, the Receiver 

Operating Characteristic (ROC) curve and Area Under 

the Curve (AUC) were also used to measure how well 

the models differentiate between classes. The ROC 

curve shows the relationship between the true positive 

rate (TPR) and the false positive rate (FPR). Higher 

AUC values indicate better class separation. 

 

Hyperparameter Value 

Optimizer AdamW 

Learning Rate 2e-5 

Batch Size 16 

Max Sequence 

Length 

64 

Epochs 6 

Loss Function Cross-Entropy 

Device NVIDIA GPU 

(CUDA) 
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Metric Definitions 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

F1 = 2 ×
Precision × Recall

Precision + Recall
 

 

Specificity =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

 

where 

TP = True Positives, 

 TN = True Negatives, FP = False Positives,  

 

FN = False Negatives.  

The combination of these metrics clearly shows the 

accuracy and error behaviour of the mode.  

B. Performance Comparison of Individual 

Transformer Models 

As shown in Tables 3–5, A comprehensive evaluation 

of individual Transformer models. RoBERTa, 

DeBERTa, and FinBERT – in various train-test split 

configurations and macro-averaging was used to 

calculate the F1-score, specificity, accuracy, precision, 

and recall for each model:  

Table 3: RoBERTa Performance 

 

 

   

 

 

 

 

Table 4: DeBERTa Performance 

 

 

 

 

 

 

 

Table 5: FinBERT Performance 

Observation:  

The results illustrated in Fig. 5 and summarized in 

Table 3-5 shows that performance improves as the 

amount of training data increases. Under the 80–20 

split, DeBERTa achieves the highest scores across 

most evaluation measures. RoBERTa maintains steady 

and competitive performance across splits. FinBERT 

performs well when it is fine-tuned on the domain-

specific dataset 

 

Metric 60–40 70–30 80–20 

Accuracy 82.37% 82.22% 82.69% 

Precision 82.21% 82.09% 82.92% 

Recall 82.15% 81.96% 82.86% 

F1-Score 80.18% 82.02% 82.76% 

Specificity 90.10% 91.33% 91.42% 

Metric 60–40 70–30 80–20 

Accuracy 81.71% 83.61% 83.08% 

Precision 81.16% 82.81% 83.80% 

Recall 81.89% 82.64% 83.73% 

F1-Score 82.00% 83.50% 83.09% 

Specificity 90.85% 91.81% 91.54% 

Metric 60–40 70–30 80–20 

Accuracy 80.08% 80.11% 81.33% 

Precision 80.59% 80.68% 81.87% 

Recall 80.42% 79.51% 80.71% 

F1-Score 80.02% 80.90% 81.56% 

Specificity 90.04% 90.06% 90.67% 
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Fig. 5. Metric-wise comparison of individual 

transformer models across different train–test splits 

C. Ensemble Model Performance  

A weighted soft-voting ensemble was created by 

combining RoBERTa, DeBERTa, and FinBERT to 

increase prediction stability and reduce prediction 

variance. DeBERTa was given more weight in the 

group because it performed better than the other two 

models in different splits. The Performance of 

ensemble model under each split is summarized in 

below Table 6 and illustrated in Fig. 6. 

Table 6: Ensemble Model Performance Across various 

Train–Test Splits 

Trai

n–

Test 

Split 

Accura

cy 

Precisi

on 

Recal

l 

F1-

Score 

Specific

ity 

60–

40 

84.46

% 

83.39

% 

83.28

% 

84.47

% 

90.67% 

70–

30 

84.33

% 

83.47

% 

83.41

% 

83.31

% 

92.17% 

80–

20 

86.00

% 

85.86

% 

85.79

% 

85.82

% 

92.46% 

Observation:  

In every split, the ensemble model outperforms all 

individual models. The best performance is observed 

under the 80–20 split. This shows that weighted soft 

voting improves the overall classification reliability 

and consistency. 

 

Fig. 6. Bar Plot illustrating Ensemble model 

performance across different train–test splits. 

D. ROC Curve and AUC Analysis 

To test how well the ensemble separates the three 

sentiment classes, ROC curves and AUC scores were 

calculated using the one-versus-rest (OvR) approach. 

The relationship between the true positive rate (TPR) 

and the false positive rate (FPR) is shown by the ROC 

curve in Fig. 7. AUC provides a performance measure 

that does not depend on any specific classification 

threshold. All splits show that the ensemble has high 

AUC values, as indicated by the results. The 80-20 

split has the highest AUC, which indicates significant 

class separation.  

 

Fig. 7. Multi-class ROC curves of the Individual and 

ensemble model under the 80–20 train–test split. 
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D. Final Comparative Analysis 

The 80–20 train-test split, which produced the best 

overall experimentation results, was used to directly 

compare the relative performance of each architecture. 

The table below summarizes the evaluation metrics for 

RoBERTa, DeBERTa, FinBERT, and the weighted 

ensemble model. Table 7 shows the evaluation metrics 

for RoBERTa, DeBERTa, FinBERT, and weighted 

ensemble models. Fig 8 shows the comparative 

performance of individual transformer models and 

ensembles under the same 80–20 split configuration. 

Table 7: Comparative Performance of Models Under 

the 80-20 Train-Test Split 

 

Key Findings: 

• The ensemble outperforms all the individual 

models. 

• Weighted soft voting improves stability, 

specificity, and error balance. 

 

Fig. 8. Comparative analysis of individual 

transformer models and the ensemble model 

under the 80–20 split. 

 

 

9. DISCUSSION 

The results show that transformer-based models are 

effective for multi-class sentiment classification of 

cryptocurrency tweets. As the training data grew, it 

steadily improved, and the highest scores were 

achieved in an 80-20 split. This confirms that 

transformer architectures can stabilize contextual 

learning with sufficient fine-tuning data [3] [11]. 

Under the 80-20 configuration, DeBERTa performed 

the best among the individual models (83.09% F1-

score) due to its convolutional attention mechanism, 

which improves contextual discrimination [13]. 

Strong generalization ability was demonstrated by the 

stable performance of RoBERTa across splits (82.76 

% F1-score) [12]. FinBERT competitive results 

(81.56% F1 score) required domain-specific fine-

tuning, indicating that financial-domain pretraining 

alone is insufficient for informal cryptocurrency text 

[5][14].In 80-20 split, the weighted soft-voting 

ensemble performed best overall, with an F1 score of 

85.82% and an accuracy of 86.00%. This is a +2.92% 

improvement in accuracy compared to RoBERTa and 

DeBERTa and a +2.73% gain in F1-score compared to 

the best standalone model. Moreover, Ensemble 

achieved a specificity of 92.46%, which shows better 

class balance. Consistent with previous ensemble 

Metr

ic  

Accu

racy  

Preci

sion 

Rec

all 

F1-

Sco

re  

Specif

icity 

RoB

ERTa 

82.69

% 

82.92

% 

82.8

6% 

82.7

6% 

91.42

% 

DeB

ERTa 

83.08

% 

83.80

% 

83.7

3% 

83.0

9% 

91.54

% 

FinB

ERT 

81.33

% 

81.87

% 

80.7

1% 

81.5

6% 

90.67

% 

Ense

mble 

Mode

l  

86.00

% 

85.86

% 

85.7

9% 

85.8

2% 

92.46

% 
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studies [6] [16], these findings confirm that integrating 

multiple transformer architectures improves 

prediction reliability and reduces prediction variance. 

Transformer-based integration provides advanced 

contextual modelling and measurable performance 

enhancements compared to recurrent-based 

cryptocurrency ensemble [7]. 

This work evaluates three configurations – 60-40, 70-

30 and 80-20 – unlike studies that rely on a single 

train-test split. Through improved generalization 

stability and reduced sensitivity to data partitioning, 

the ensemble consistently outperformed the individual 

models across all splits. These findings are further 

supported by the ROC-AUC analysis, which shows 

that the class separation is robust and the AUC values 

are stable and high. The preprocessing strategy also 

contributed to the model's effectiveness. 

Abbreviations, emojis, and informal expressions are 

common in cryptocurrency tweets, which can 

introduce noise [2]. The Controlled text normalization 

reduced irrelevant patterns while retaining sentiment-

generating words. By combining lexicon-based 

labelling with contextual transformer learning, 

continuous supervision without manual annotation 

became possible. 

In summary, the findings highlight three important 

points: 

1. Transformer models are perfect for 

cryptocurrency sentiment classification when 

fine-tuned properly. 

2. Performance in contextual learning and 

classification is improved by increasing the 

training dataset. 

3. Compared to individual models, a weighted 

group of multiple transformer architectures 

provides greater stability and predictive 

balance. 

These results extend previous studies on Transformer-

based sentiment analysis [11–13] and ensemble 

learning [6, 7] in financial text classification. A more 

accurate assessment of the running performance of 

models in dynamic social media environments can be 

done by evaluating them across multiple train-test 

splits. 

 

10. LIMITATIONS 

Despite the framework's impressive results, it has 

some drawbacks. The evaluation was conducted using 

a previously collected static dataset. The volatile 

nature of cryptocurrency discussions on social media 

may not be fully reflected in this. The behaviour of the 

system has not been tested under constantly changing 

market trends. The current framework does not 

support real-time Twitter streaming. Therefore, it 

cannot be used for live sentiment tracking or rapid 

market changes. Instead of using automated 

optimization methods, ensemble weight specifications 

were determined based on observed trips. Transformer 

models also require a lot of computing power for 

inference and training. When combined, this increases 

computational costs, which may limit use in real-time 

deployments or resource-limited environments. 

 

11. CONCLUSION 

This study presented a sentiment analysis framework 

for cryptocurrency-related Twitter data using 

transformer models and ensemble learning. The 

Cleaning, normalizing, labelling, and balancing noisy 

social media text while retaining essential sentiment 

information was performed using two structured 

preprocessing methods. This ensured consistent input 

quality and unbiased model evaluation. Three 

Transformer models—RoBERTa, DeBERTa, and 

FinBERT—were tested in different train-test splits 

(60-40, 70-30, and 80-20). Although different models 

were successful trained, their stability varied with the 

size of the training set. Overall, with weighted soft 

voting, the ensemble consistently outperformed the 

individual models in terms of accuracy, F1-score, and 

overall reliability. When ensemble learning and 

transformer representations are combined, both 

stability and prediction variance are reduced. This 

framework can support research-oriented decision 

analysis in financial markets and provides a structured 

approach to cryptocurrency sentiment analysis. 
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