ISSN 2715-9936
https://doi.org/10.56705/ijodas.v6i3.342

Research Article

Sentiment Analysis of Public Opinion on Pi Network on
Reddit Using FINBERT

Sindy Indira Wiguna **; Adhitia Erfina 2; Cecep Warman *

! Nusa Putra University, Sukabumi, Indonesia, sindy.indira_si21@nusaputra.ac.id
2 Nusa Putra University, Sukabumi, Indonesia, adhitia.erfina@nusaputra.ac.id

% Nusa Putra University, Sukabumi, Indonesia, cecep.warman@nusaputra.ac.id

Correspondence should be addressed to Sindy Indira Wiguna; sindy.indira_si21@nusaputra.ac.id
Received 25 September 2025; Accepted 15 December 2025; Published 31 December 2025

© Authors 2025. CC BY-NC 4.0 (non-commercial use with attribution, indicate changes).
License: https://creativecommons.org/licenses/by-nc/4.0/ — Published by Indonesian Journal of Data and Science.

Abstract:

The rapid growth of blockchain technology has led to the emergence of new cryptocurrencies, including Pi Network, which
emphasizes accessibility through mobile-based mining. This study aims to answer the research question of whether
FinBERT, a financial domain-specific transformer model, can effectively classify public sentiment in informal Reddit
discussions related to Pi Network. FInBERT was first evaluated on a labeled financial sentiment dataset to assess its
performance in a structured financial context before being applied to Reddit data. Model performance was measured using
accuracy, precision, recall, and F1-score. After validation, the model was used to analyze one thousand twenty Reddit
comments discussing Pi Network. Text preprocessing included cleaning, case folding, tokenization, stopword removal,
stemming, and sequence standardization. The evaluation results show that FinBERT achieved an accuracy of eighty-five
point ninety-eight percent on the financial validation dataset, with strong precision and recall across sentiment classes.
When applied to Reddit comments, neutral sentiment was the most dominant, followed by positive and negative sentiments.
Pi Network was selected as the case study because, unlike more established cryptocurrencies, it is still in an early stage of
development and relies heavily on community participation, making public opinion particularly important for understanding
its adoption and credibility.
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1. Introduction

Blockchain technology has transformed the global financial ecosystem by enabling decentralized transactions
and peer-to-peer interactions without relying on intermediaries [1]. Cryptocurrencies such as Bitcoin and Ethereum
demonstrate how distributed ledger systems can enhance financial inclusion and create new economic opportunities
[2]. Pi Network has emerged as an alternative cryptocurrency that emphasizes accessibility through mobile-based
mining, aiming to reach users who are often excluded from conventional crypto adoption [3].

In parallel, social media platforms have become essential venues for discussions about cryptocurrencies. Reddit,
in particular, hosts dynamic communities where optimism, skepticism, and neutrality coexist in ongoing debates about
blockchain projects [4]. Previous studies indicate that sentiment expressed on online platforms significantly influences
cryptocurrency adoption, market volatility, and investor confidence [5], [6]. Consequently, analyzing sentiment from
user-generated discussions provides valuable insights into how public perception shapes the adoption trajectory of
blockchain initiatives.

Sentiment analysis has evolved from lexicon-based and traditional machine learning approaches to deep learning
and transformer-based models [7]. The introduction of BERT enabled contextualized representations and transfer
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learning, significantly improving sentiment classification performance [8]. FInBERT, a domain-specific variant of
BERT trained on financial corpora, has demonstrated superior performance in sentiment analysis tasks involving
structured financial texts such as analyst reports and financial news [9], [10], [11].

However, most existing FINBERT studies remain focused on formal and structured financial documents.
Empirical investigations addressing informal, user-generated discussions on Reddit are still limited, particularly in the
context of emerging cryptocurrencies. Prior cryptocurrency sentiment studies using FInBERT or other NLP models
predominantly analyze well-established assets, such as Bitcoin and Ethereum, leaving projects like Pi Network
underexplored. This limitation is important because Reddit discussions are linguistically diverse, informal, and often
speculative, posing distinct challenges for domain-specific language models.

Therefore, this study aims to evaluate whether FInBERT, fine-tuned on a labeled financial dataset, can effectively
analyze sentiment in informal Reddit discussions related to Pi Network. The objectives and contributions of this
research are aligned with this gap by assessing FinBERT’s adaptability to noisy social media data and by providing
empirical evidence of public sentiment toward an emerging cryptocurrency project.

2. Method

Study adopted a systematic workflow to analyze public sentiment toward Pi Network on Reddit using FInBERT.
The methodological design consisted of dataset preparation, preprocessing, model fine-tuning, evaluation, and
inference on Reddit comments. This approach was selected to evaluate FInBERT’s performance on structured
financial data before assessing its adaptability to informal, user-generated discussions.
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Figure 1. Research Flow
Datasets

Two datasets were employed. The first was a labeled financial sentiment dataset obtained from Kaggle, consisting
of four thousand eight hundred forty-seven samples categorized into positive, neutral, and negative sentiments. This
dataset was used for fine-tuning and validation. The second dataset consisted of one thousand twenty Reddit comments
related to Pi Network, which were collected through web crawling and used exclusively for inference.

Preprocessing

Both datasets underwent preprocessing to reduce noise and improve model robustness. The preprocessing steps
included cleaning, case folding, tokenization using the FInBERT tokenizer, stopword removal, stemming, and padding
and truncation to a fixed sequence length of one hundred twenty-eight tokens.

Although transformer-based models such as FInBERT rely on contextual embeddings and are generally less
sensitive to surface-level text variations, stopword removal and stemming were applied to reduce lexical sparsity and
normalize informal expressions commonly found in Reddit comments. This was particularly important given the
presence of repetitive function words, slang variations, and morphological inconsistencies in user-generated text. The
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preprocessing pipeline was applied consistently across both datasets to maintain comparability between training and
inference stages.

Fine-Tuning and Evaluation

FinBERT was fine-tuned on the financial sentiment dataset using an eighty to twenty split for training and
validation. A softmax classification layer was added to classify inputs into three sentiment classes: positive, neutral,
and negative. Model performance was evaluated using accuracy, precision, recall, F1-score, and a confusion matrix.

Class Imbalance Considerations

The training dataset exhibited a moderate class imbalance, with the neutral class being more dominant than positive
and negative classes. No explicit rebalancing techniques, such as oversampling or class-weight adjustment, were
applied during training. As a result, the model may have developed a bias toward predicting neutral sentiment, which
is reflected in both the validation results and the sentiment distribution observed in Reddit inference. This limitation
is acknowledged as a potential factor influencing classification outcomes and highlights the importance of addressing
class imbalance in future research.

3. Result and Discussion
Model Evaluation on Financial Dataset

The fine-tuned FINBERT model demonstrated strong performance on the financial validation dataset, achieving
an accuracy of eighty-five point ninety-eight percent. This performance is consistent with previous studies showing
that FInBERT outperforms generic transformer models in financial sentiment classification due to its domain-specific
pre-training [2], [6], [16]. The neutral class achieved the highest precision and recall, indicating the model’s
effectiveness in identifying non-polarized financial statements, which are common in financial discourse.

Misclassifications were mainly observed between the positive and neutral classes, a pattern also reported in earlier
sentiment analysis studies, where weakly polarized expressions often blur class boundaries [14], [19].
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Figure 2. Confusion Matrix of FInBERT on Kaggle validation dataset.

Sentiment Distribution on Reddit Data

After validation, the fine-tuned FInBERT model was applied to one thousand twenty Reddit comments related to
Pi Network. The resulting sentiment distribution indicates that neutral sentiment is the most dominant category,
followed by positive and negative sentiments, as illustrated in Figure 3.
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Figure 3. Sentiment Distribution of Reddit Comments

The predominance of neutral sentiment suggests that Reddit users tend to engage in descriptive and informational
discussions rather than expressing strong emotional polarity. This pattern is consistent with findings from previous
cryptocurrency sentiment studies on Reddit and Twitter, which report that neutral sentiment often dominates
discussions related to blockchain projects and digital assets [17], [18], [21].

Similar results have been observed in studies focusing on established cryptocurrencies such as Bitcoin and
Ethereum, where users frequently share technical updates, market speculation, and general information without
explicit positive or negative framing [17], [18]. Therefore, the dominance of neutral sentiment in Pi Network
discussions reflects a broader characteristic of cryptocurrency-related online discourse rather than an anomaly specific
to this dataset.

Interpretation of Sentiment Polarity (Positive, Neutral, and Negative)

Positive sentiment in the Reddit discussions reflects optimism regarding Pi Network’s potential adoption,
perceived future value, and accessibility through mobile-based mining. Similar expressions of optimism have been
reported in previous studies on emerging or speculative cryptocurrencies, where community-driven expectations play
a significant role in sustaining engagement during early development stages [5], [11], [17]. This interpretation is
supported by the positive sentiment word cloud, which highlights frequently occurring terms such as “will,” “pi,”
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“price,” “buy,” “good,” and “going,” indicating expectations of future growth and investment potential.

WordCloud - Posmve Comments

N oo
O 2
mm it ;OE
got t -l m .i
need ty [l i og b~0
cant lot
an one y

prlce now

.dont,..®

cokrn

' "let‘ goJﬁ ggreat

Figure 4. Positive Sentiment Word Cloud
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Neutral sentiment, which dominates the discussion, primarily represents descriptive and informational exchanges
among users. These comments often focus on technical aspects such as mining processes, account verification, and
general project updates without strong emotional framing. Prior research on cryptocurrency-related social media
discourse has similarly identified neutral sentiment as a common category, reflecting information sharing rather than
opinionated debate [17], [18], [21]. This interpretation is supported by the neutral sentiment word cloud, which
highlights frequently occurring terms such as “mine,” “kyc,” “sell,” and “people,” indicating discussions centered on
mining activities, verification processes, and general user experiences.
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Figure 5. Neutral Sentiment Word Cloud

Negative sentiment highlights skepticism and concerns related to project credibility, transparency, and long-term
viability. Studies examining cryptocurrency communities consistently report distrust and skepticism toward newer
projects that have not yet achieved full market integration or regulatory clarity [5], [18]. The coexistence of optimism,
neutrality, and skepticism observed in this study suggests a cautious but engaged community response, which is
characteristic of emerging blockchain initiatives. This interpretation is supported by the negative sentiment word
cloud, which frequently includes terms such as “scam,” “sell,” “coin,” and “buy,”

reflecting doubts and critical
attitudes toward Pi Network’s legitimacy and future value.
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Figure 6. Negative Sentiment Word Cloud.
Discussion

This study analyzed public sentiment toward Pi Network on Reddit by fine-tuning and applying FInBERT, a
financial domain-specific transformer model. The results demonstrate that FInBERT performs well on structured
financial validation data and can be effectively extended to informal, user-generated Reddit discussions. The sentiment
distribution indicates that neutral sentiment dominates Pi Network-related discussions, accompanied by positive
expressions of optimism and negative expressions of skepticism. These findings provide empirical evidence of public

perception toward an emerging cryptocurrency project and confirm FinBERT’s adaptability beyond formal financial
texts.

One key limitation of this study is the domain mismatch between the training data and the inference data. FinBERT
was fine-tuned on a labeled financial dataset, while Reddit comments exhibit informal language, slang, and stylistic

variability. This domain difference may contribute to prediction bias, particularly toward neutral sentiment, and should
be considered when interpreting the results.

Future research may address this limitation by incorporating domain-adaptive pre-training on social media corpora
or by comparing FinBERT with transformer models specifically adapted to social media text. Additional
improvements may include handling class imbalance through data rebalancing techniques and expanding the dataset
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to include multiple social platforms. These directions may further enhance sentiment classification performance and
improve the robustness of sentiment analysis for emerging cryptocurrency discussions.

4, Conclusion

This study investigated public sentiment toward Pi Network by applying the FInBERT model to Reddit discussions.
The results demonstrate that FInBERT, when fine-tuned on a labeled financial dataset, performs effectively in
capturing sentiment patterns within informal social media text. The sentiment distribution revealed a dominance of
neutral opinions, reflecting the exploratory and informational nature of many Reddit discussions, while positive and
negative sentiments highlighted contrasting expectations regarding Pi Network’s potential value and long-term
viability.

The main contribution of this research lies in extending the application of FinBERT beyond formal financial
documents to user-generated content from Reddit, thereby providing insights into sentiment dynamics surrounding an
emerging cryptocurrency. However, one limitation of this study is the domain mismatch between the financial texts
used for model training and the informal language found in Reddit comments, which may influence classification
performance, particularly for nuanced or ambiguous expressions.

Future research may address this limitation by comparing FInBERT with transformer models specifically adapted
for social media data or by incorporating domain-adaptive pretraining techniques. Additionally, expanding the
analysis to multiple social media platforms and conducting temporal sentiment analysis could offer a more
comprehensive understanding of public opinion dynamics in cryptocurrency communities.
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