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Abstract—This study investigates public opinion and sentiment toward Japan's Fukushima nuclear wastewater discharge as expressed
on social media, specifically Twitter and Instagram. The goal is to perform sentiment analysis to provide stakeholders with a reliable
foundation for informed decision-making. The main issue of this study is the absence of a comprehensive analysis of public opinion and
sentiment on social media regarding nuclear wastewater discharge from the Fukushima Daiichi Nuclear Power Plant. Thus, capturing
and understanding these sentiments is essential, as they provide crucial insights into public opinion. Hence, a dataset of 12,195 posts
from January to March 2024 was collected using Python’s Tweepy and Instagrapi libraries. Data preprocessing involved cleaning non-
English text, hashtags, usernames, URLSs, and emojis, followed by stop word removal. Key topics such as '"'nuclear," '"waste," and
"Fukushima'" were identified through LDA topic modeling, focusing on posts highly relevant to the issue. Sentiment analysis was
conducted using the BERT (uncased) model, categorizing sentiments into ''very positive," ''positive," '"neutral," ''negative," and 'very
negative." VADER was also applied to validate and compare the results, enhancing the robustness of the sentiment classification.
Findings show that negative sentiment consistently outweighs positive sentiment, indicating an overall unfavorable public opinion
toward the discharge. This analysis provides policymakers and stakeholders with valuable insights into and guidance for addressing
global concerns about Japan's nuclear wastewater strategy. Future studies could include additional social media platforms and
incorporate geolocation data to analyze regional sentiment trends more precisely.
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swimming pools [2]. As of November 2022, Japan has spent
I. INTRODUCTION about 12.1 trillion yen (82 billion U.S. dollars) to address the

On the 11" of March 2011, an earthquake with a magnitude incident .. (ipcluding compen sation . and reactor
of 9.0 struck off the east coast of Japan. A massive tsunami decommissioning costs), and this flgqre continues to grow [3].
damaged the Fukushima Daiichi Nuclear Power Plant's To spee.d up the react0r§ decomm%sswmng, given Japan's
cooling system, causing three nuclear reactors to overheat and eeonomic and technologlcal maturity and current events,
parts of their cores to melt [1]. Since melted fuel fragments Japan decided to dilute the wastewater and discharge it into

were found in the three destroyed reactors, water had to be theOPac1£1c S;ian' fA 2003, 7 Prime Mini
continuously injected to cool them. Japanese authorities F n tlg hid of August d h7 ?1p anle:si Eme 1mlster
continued to inject seawater into the reactors, along with umio Kishida announced that the tukushima nuclear

groundwater and rainwater. This water became contaminated wastewater would be discharged into the sea starting on
when it came into contact with melted fuel, fuel fragments, August 24, 2923' On August 24, 292.3 »at 1 pm Tokyo tme,
and even radioactive fallout. Japanese authorities stored this Tokyo Electric Power Comp any ofﬁclally‘ began to discharge
radioactive water in storage tanks and then used a multi- treated water. The International Atomic Energy A.gency
nuclide processing system (ALPS) to eliminate substances of ,(IAEA), reviewed the treated water a.nd found that it m?t
radioactive except carbon 14 and tritium. The Fukushima international safe't y standards. Ac.cord.mg Fo Tokyo Electric
Daiichi Nuclear Power Plant's water tanks stored 1.3 million Power Company's plan, the radioactive impact of ALPS-

tons of nuclear wastewater, enough to fill 500 Olympic-sized treaFed water discharged into the sea on humans ‘and the
environment could be ignored [4]. The first stage of discharge

853



lasted 17 days, during which 7,800 tons of nuclear-treated
water were discharged at a rate of 460 tons per day [5]. This
matter has sparked discussion among people from all over the
world on social media, especially on mainstream platforms
such as Twitter and Instagram.

The power of public opinion on social media is powerful.
It not only resonates with people but, when it becomes a social
phenomenon, can even influence changes in national policy.
For example, Swedish environmental activist Greta Thunberg
uses Twitter and Instagram to raise awareness of climate
change worldwide and to organize global student climate
strikes. Her activities have promoted the younger generation's
attention and participation in climate change issues [6]. They
have sparked extensive discussions on environmental
protection policies and sustainable development, and have put
pressure on policy-making in many countries.

With the implementation of Japan's Fukushima plan to
dump nuclear wastewater into the Pacific Ocean, there has
been a significant increase in posts on Twitter and Instagram.
This surge in social media activity reflects public reactions
and sentiments regarding the event. However, there is a
notable gap in systematically analyzing and understanding
these sentiments.

The primary issue is the lack of a comprehensive analysis
of public sentiment on social media regarding the discharge
of Fukushima nuclear wastewater. Understanding these
sentiments is crucial, as they provide insights into public
opinion that can guide policymakers and relevant
stakeholders in addressing public concerns and improving
communication strategies [7].

The significance of this research lies in its potential to
inform decision-makers about the societal impact of the
Fukushima plan. By systematically analyzing social media
posts, this study can reveal the public's predominant emotions
and opinions. This understanding can aid in anticipating
public reactions to future similar events and in formulating
effective response strategies [8].

To address this problem, this study aims to conduct a
sentiment analysis of social media posts related to the
Fukushima nuclear wastewater discharge. Specifically, it will
employ text mining methods to analyze data collected from
Twitter and Instagram using specific hashtags as keywords.
The data cleaning and sentiment analysis processes will be
carried out using Python, with advanced NLP techniques such
as LDA for topic modeling and the pre-trained BERT model
for sentiment analysis.

By integrating advanced NLP techniques, the research
aims to provide a comprehensive understanding of public
opinion on the discharge of Fukushima nuclear wastewater.
The use of LDA will help reduce noise and enhance the
relevance of the text by identifying key topics [9], while
BERT will offer a nuanced sentiment analysis of the posts
[10]. Ultimately, the goal is to obtain a detailed picture of
public sentiment and the main concerns surrounding the
event, thus contributing valuable insights for future policy and
communication efforts.

Section I of this paper covers the background, the problem
statement, and the study's significance. Section II delves into
the tools and methods applied for sentiment analysis of tweets
and Instagram posts, including the detailed methodology.
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Section III presents the results and discussion, while Section
IV draws the conclusion and outlines potential future work.

II. MATERIALS AND METHOD

Over the past two decades, social media has transformed
how people communicate, acquire, and share information,
with platforms like Facebook, Twitter, and Instagram
fostering more connected and dynamic interactions [11], [12].
Whether sharing daily moments or real-time updates of major
events, social media enables users to exchange views and stay
connected with friends, family, and colleagues globally.

In political and social activities, social media enhances
citizen participation by providing a platform for real-time
expression and interaction. For example, during elections,
voters can learn about candidates, join discussions, and interact
directly with politicians. In social movements, it empowers
organizers to mobilize and spread information, amplifying
public engagement and influence [13], [14]. With its vast data
resources, social media has become an ideal platform for
analyzing behavior and psychology. Sentiment analysis, a key
data analysis method, helps reveal public attitudes, emotional
tendencies, and satisfaction levels, providing crucial insights
for decision-making [15], [16], [17].

During crises, sentiment analysis [18] and machine
learning [19] play a critical role in helping businesses and
governments quickly gauge public reactions, address negative
emotions, and manage crises effectively. For instance,
understanding public sentiment during product recalls, natural
disasters, or public health emergencies enables timely and
efficient responses [20].

Sentiment  analysis  methodologies have evolved
significantly over time, beginning with lexicon-based methods
in the early 2010s that relied on predefined sentiment
dictionaries. These methods increased vocabulary coverage and
did not require labeled data, but they were prone to noise from
irrelevant words. In the mid-2010s to early 2020s, machine
learning-based methods such as Naive Bayes and SVMs
emerged, offering better context understanding. However, their
effectiveness depended heavily on the clarity of the training
data labels, and they struggled with mixed sentiments.

From the late 2010s onwards, deep learning-based
approaches such as MF-CNN-BILSTM and BERT-based
models marked a significant advancement by automatically
learning complex feature representations, thereby enhancing
sentiment analysis accuracy. These methods, however,
required large amounts of labeled data and involved complex
parameter tuning. Recently, hybrid models like PLASA have
combined various techniques to improve sentiment analysis,
particularly for short texts, by incorporating punctuation and
extensive  dictionary  information. = Despite  these
improvements, challenges remain in effectively analyzing
longer texts and filtering out non-human content.

Cho et al. [21] introduced a data-driven method for
adapting sentiment dictionaries to various domains. It
involves merging multiple dictionaries, filtering non-
contributory words, and adjusting word polarities based on
empirical ratios of positive to negative occurrences in training
data. The integrated sentiment dictionary, refined through
these operations, demonstrates robust performance in
sentiment analysis across domains such as smartphones,
movies, and books. Comparative evaluations highlight its



superiority over individual dictionaries. The study discusses
the effectiveness of this automated approach for domain-
specific sentiment dictionary adaptation, leveraging abundant
labeled web opinion data and existing lexical resources. This
method offers a straightforward, data-driven solution to
improve sentiment classification accuracy without manual
intervention [21].

Sano et al. [22] introduced a visualized comparative review
analysis model using the Naive Bayes classifier for the
tourism domain. The study aims to enhance understanding of
tourist experiences by visualizing their opinions across
different destinations. The methodology includes data
collection from primary interviews and secondary online
reviews, data preprocessing (cleaning, case folding,
tokenization, stop-word removal, stemming, and TF-IDF
weighting), and k-fold cross-validation for model evaluation.

The model was tested on reviews from two Balinese
beaches, Jimbaran and Kuta. The accuracy was 80% for
Jimbaran and 64% for Kuta. The results are visualized to
facilitate easy comparison and informed decision-making for
various stakeholders in the tourism industry.

The visual comparison aids decision-making. However, the
accuracy for Kuta beach was lower, potentially due to
ambiguous sentiments in the training data. The study suggests
that the model can be extended to other domains requiring
comparative analysis for decision-making [22].

Wang and Zhao [23] used a Support Vector Machine
(SVM) to predict investor sentiment based on news texts. The
study uses a psychological line (PSY) as a sentiment
indicator. Data is collected via web crawlers from financial
news media, specifically from the medical industry. News
texts are processed and vectorized using doc2vector, and PSY
is calculated from stock data.

The SVM model achieves high accuracy in predicting
investor sentiment. However, including industry-specific
news can lead to overfitting and reduce accuracy. The study
finds that varying amounts of news data affect prediction
accuracy, with less data leading to lower accuracy. Despite
these challenges, the model effectively predicts stock
information and investor sentiment [23].

Aslan [24] collected 192,915 tweets related to the Ukraine—
Russia conflict using specific hashtags. The tweets were
preprocessed to remove special characters, URLs, and non-
English words, and were then tokenized and lemmatized. The
Valence Aware Dictionary and Sentiment Reasoner (VADER)
was used to classify the tweets into positive, negative, and
neutral sentiments. Latent Dirichlet Allocation (LDA) was
employed to identify dominant topics in the tweets.

A new deep learning-based sentiment classification model,
MF-CNN-BiLSTM, was proposed. This model combines
Convolutional Neural Networks (CNN) and Bidirectional
Long Short-Term Memory (BiLSTM) to capture both local
and long-term dependencies in the data. The FastText word
embedding technique was used to convert tweets into vectors.
The analysis revealed that 50.38% of the tweets were
negative, 30.95% were positive, and 18.67% were neutral.
The LDA identified seven dominant topics in the tweets,
which were visualized using word clouds.

The proposed MF-CNN-BiLSTM model achieved an
accuracy of 95.32%, outperforming CNN, LSTM, and
BiLSTM models. The FastText word embedding technique
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proved more effective than GloVe. The study found that the
majority of tweets expressed negative sentiment towards the
Ukraine—Russia conflict, a trend that was consistent across
countries, though intensity varied. The dominant topics
identified by LDA revealed the main concerns and
discussions among Twitter users regarding the conflict,

including political reactions, humanitarian issues, and
military actions.
The MF-CNN-BILSTM  model's high accuracy

demonstrates the effectiveness of combining CNN and
BiILSTM for sentiment analysis. The use of FastText
embeddings further enhanced the model's performance by
capturing sub-word information and handling out-of-
vocabulary words [24].

Ashayeri and Abbasabadi [25] used social media data from
the X platform (formerly Twitter) and urban building data
from NYC's PLUTO and the Department of Energy’s LEAD
databases. Keywords like "stay-at-home," "energy bill," and
"HVAC" were used to filter relevant tweets. The data
underwent preprocessing, tokenization, and summarization.
Sentiment analysis was performed using the RoBERTa
transformer deep learning model. Co-occurrence matrices and
advanced visualization techniques were employed to
understand word relationships and model attention patterns.

The RoBERTa model, pre-trained on sentiment analysis
tasks, was used to classify tweets into positive, negative, or
neutral sentiments. The analysis included generating word
clouds, embedding visualizations, and attention maps. The
study found varying sentiment distributions across NYC
boroughs for the terms "stay-at-home," "energy bill," and
"HVAC." Manhattan had more positive sentiments, while
Brooklyn and the Bronx showed higher negative sentiments.

Detailed attention patterns from the RoBERTa model
highlighted the relationships between words in tweets,
showing how the model prioritized different parts of the text.
The study visualized neuron activations in the RoBERTa
model, revealing intricate word associations during the
COVID-19 era. The research highlighted significant
disparities in energy burdens and urban building
characteristics across NYC boroughs, emphasizing the need
for equitable urban development and energy policies.

The findings can inform data-driven policy development,
targeting energy subsidies and promoting energy-efficient
systems. The study also suggests the importance of ongoing
monitoring of public sentiment to refine energy policies [25].

Li and Zou [26] proposed the PLASA model, which
utilizes the pre-trained BERT model to produce contextually
sensitive embeddings and semantically rich comments,
transforming words and sentences into vectors. This model
incorporates  lexicon-query and  punctuation-location
attentions. Lexicon-query attention used a specialized lexicon
to adjust the relationship between background words and
sentiment-related keywords, while punctuation-location
attention assigns weights to words based on their proximity to
punctuation marks.

The refined representations are fed into various classifiers,
including machine-learning methods (RF, SVM, XGBoost)
and deep-learning methods (RNN, BiLSTM), to classify
sentiment polarity. The PLASA model demonstrated
significant performance improvements over baseline and
commonly used models, achieving micro-F1 scores of



93.94%, 90.34%, and 88.79% on the SentiTikTok-2023,
SentiBilibili-2023, and SentiWeibo-2023 datasets,
respectively.

The study showed that both lexicon-query and punctuation-
location attentions contributed to the model's performance.
The punctuation-location attention was more effective for
shorter texts, while the lexicon-query attention was crucial for
longer texts. The optimal parameters for the collaborative
attention module were identified as a window dimension of 5
and an intensity coefficient of 1, providing stability and strong
performance across datasets.

The study emphasized that both punctuation and lexicon
are crucial factors in sentiment analysis. Punctuation
consistently made up approximately 13% of comments,
indicating its vital role in language expression. Lexicon
features also differed significantly between positive and
negative segments. The PLASA model effectively combined
state-of-the-art NLP techniques with traditional sentiment
analysis methods, enhancing performance and
interpretability. The collaborative attention module was
particularly effective in refining word representations for
sentiment classification [26].

Jia et al. [27] proposed the BERT-CBLBGA model, which
integrates BERT with BiGRU, BiLSTM, TextCNN, and a
self-attention mechanism to enhance text sentiment
classification. BERT generates word embeddings, which are
then processed by TextCNN for local features and
BiLSTM/BiGRU for global features. The self-attention
mechanism fuses these features for better sentiment
classification.

TextCNN captures local features via convolution and
pooling, while BiGRU and BiLSTM extract global features
by modeling sequential information. The self-attention
mechanism dynamically assigns different features varying
importance. The model uses pre-trained BERT models for
text vectorization. For Chinese datasets, preprocessing
includes segmentation and text cleaning, whereas for English
datasets, it involves stemming, stop-word removal, and text
cleaning.

The BERT-CBLBGA model was evaluated on datasets: (i)
weibo_senti_100k, (ii) IMDB, (iii) waimai_10k, and (iv)
jiudian_10k. It outperformed baseline models (BERT, BERT-
BiLSTM, BERT-LSTM, BERT-BiGRU, and BERT-CNN) in
terms of accuracy, recall, and F1-score. The model achieved
significant improvements in accuracy across all datasets,
demonstrating its ability to capture both local and global
sentiment features.

The BERT-CBLBGA model outperformed models using
Word2vec and fastText embeddings, highlighting the
advantages of BERT's bidirectional encoding mechanism.
The integration of BERT, TextCNN, BiLSTM, BiGRU, and
self-attention mechanisms allows the model to capture a wide
range of sentiment-related features. This comprehensive
feature extraction leads to better sentiment classification
performance.

The BERT-CBLBGA model effectively combines local
and global feature extraction with dynamic feature weighting,
making it robust for various sentiment analysis tasks. The
self-attention mechanism enhances the model's ability to
focus on important sentiment features. The paper suggests
further exploration of multilingual support, model
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interpretability, and domain-specific adaptations to improve
the model's generalization capabilities and applicability in
different contexts [27].

Uthirapathy and Sandanam [28] pre-processed raw Twitter
data to remove noise and irrelevant information, including
stopword removal, URL removal, pattern removal,
tokenization, and vectorization. LDA was used to identify
hidden topics within the tweets, generating a document-topic
matrix and a topic-word matrix to map relevant words to
topics. The Bidirectional Encoder Representation from
Transformers (BERT) model was used for sentiment
classification, processing the tokenized tweets and classifying
them into anti, neutral, news, and support.

The LDA model identified the most discussed topics in
climate change tweets, categorizing them into anti-, neutral-,
news-, and support-related categories. The BERT model
achieved high performance in sentiment classification, with a
recall of 89.65%, a precision of 91.35%, and an accuracy of
93.50%. The analysis revealed that a significant number of
tweets supported the idea of man-made climate change, while
a smaller portion opposed it. The BERT model outperformed
other methods in terms of precision, recall, and accuracy,
demonstrating its effectiveness in sentiment classification [28].

The exploration of big data through sentiment analysis on
platforms like Twitter and Instagram offers profound insights
into public perceptions of nuclear waste. As technology
evolves, so does the potential to harness this information to
inform and shape environmental policy effectively.
Continued advancements in NLP and machine learning will
have a significant role in refining the accuracy and
applicability of sentiment analysis in environmental science.

When conducting research, a clear process design is key to
ensuring a smooth process and high-quality results. Fig. 1
shows a complete process flow from the data collection to the

final result.
gcmlecnon and Proprecessing \

Collect data from Twitter and
Instagram

Result

Data anaysis and
interpretation
Result visualization

Sentiment analysis

Use LDA to conduct
topic modeling
Utilize BERT for

sentiment analysis

Stop words removal
URL and email
address removal
Tokenization

Double check sentiment
result by using VADER

S /

Fig. 1 Research Methodology

A. Data Collection

In this study, users' Twitter tweets and Instagram posts are
considered as data sources. These tweets are collected using
the Tweepy and Instagrapi libraries in Python. Both libraries
can obtain corresponding posts based on keywords. The time
span of the collected Twitter dataset is from January 20, 2024
to February 15, 2024, with a total of 9153 posts. The collected
IG dataset covers March 20, 2024, and includes 3042 posts.
During this period, the news media did not make special
reports on the incident, ensuring consistent public
performance. The dataset was collected using specific
keywords (hashtags) to ensure relevance to the topic. For each
hashtag, the corresponding number of posts collected is
detailed in Table I (for Twitter) and Table II (for Instagram).



TABLEI
NUMBER OF POSTS COLLECTED FOR EACH TWITTER HASHTAG

Keyword Amount  Keyword Amount
#fukushima water 99 #nuclear waste 3092
#fukushima 99 #nuclear water 2089
#FukushimaWaterRelease 17 #nuclearsafety 19
#japan radiation 227 #nuclearwaste 58
#nuclear disease 97 #Pacific 214
radiation
#nuclear leakage 64 #radiation 482
#nuclear leaking 185 #radioactive 1500
waste
#nuclear pollute 59 #radioactive 568
water
#nuclear seafood 5 #sellafield 279
nuclear
TABLEIT
NUMBER OF POSTS COLLECTED FOR EACH INSTAGRAM HASHTAG
Keyword Amount  Keyword Amount
#fukushimanclearplant 104 #nuclearwater 115
#fukushimawater 182 #radioactivew 999
aste
#nuclearwaste 999 #radioactivew 416

ater

B. Data Preprocessing

Tweets and IG posts are platforms for expressing users'
perspectives through brief messages containing hashtags,
emojis, text, and special symbols. Consequently, proper
preprocessing of tweet data is essential. This work employs
several preprocessing techniques, including pattern removal,
stop word removal, URL removal, tokenization, and
vectorization:

- Pattern removal: Symbols and special characters such
as @, #, %, and others should be eliminated from the
dataset which are not necessary for sentiment analysis
and topic modeling.

- Stop words removal: Stop words should be eliminated
from the dataset such as various forms of the verb 'be’,
personal pronouns, 'and', 'or', and similar terms, as they
carry no meaningful information for sentiment analysis.

+ URL and email address remove: If the URLs and email
addresses in the dataset do not contribute meaningful
information and can negatively impact classification
accuracy, they should be eliminated.

- Tokenization: Splitting sentences into individual words
or tokens. For example, the sentence Stop Japan's
reckless nuclear contamination in our oceans’ will be
tokenized as follows. ‘Stop’, ‘Japans’, ‘reckless’,

‘nuclear’, ‘contamination’, ‘in’, ‘our’, ‘oceans’.

C. Experimental Settings

The purpose of this article is to clarify public sentiment
regarding Japan's discharge of nuclear wastewater and to
provide stakeholders with a basis for decision-making. After
data preprocessing, this article applies the LDA topic
modeling algorithm to analyze the dataset's topics. Topic
modeling, a probabilistic generative model for analyzing text
data, is designed to uncover the latent topic structure in large-
scale text and classify documents into these topics [29]. LDA
identifies a set of topics in text data, where each topic consists
of a collection of related words. Subsequently, the BERT
algorithm is employed to perform sentiment analysis on each
identified topic. BERT leverages a sophisticated input
representation, including token embeddings, segment
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embeddings, and position embeddings, to effectively handle
both single-sentence and sentence-pair tasks [30], [31].

The sentiment analysis results will be visualized in a bar
graph and further validated using the VADER data dictionary.
The VADER, introduced by C.J. Hutto and Eric Gilbert in
2014, is a rule- and dictionary-based natural language
processing tool particularly suited for sentiment analysis of
informal texts, such as social media content and news articles
[32]. VADER employs a sentiment dictionary where each
word or phrase is assigned a sentiment score, reflecting its
positive or negative intensity. It calculates an overall
sentiment score by analyzing text components such as words,
phrases, modifiers, and punctuation [33].

III. RESULTS AND DISCUSSIONS

This dataset contains 9,794 tweets and 2,815 Instagram
posts. After data preprocessing, 8375 posts remain. A total of
197,631 words were identified from these posts. The
following figure is the word cloud of the posts and the ten
most frequently appearing words, as shown in Fig. 2. The
larger the font in the word cloud, the higher the frequency of
its occurrence. As shown in Fig. 3, the most frequently
appearing words are "nuclear, waste, water, radioactive,
power, Fukushima, plant, Japan, energy, radiation". The term
"nuclear" appears as many as 3,700 times, "waste" around
2,300 times, and "water" more than 2,000 times.
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Fig. 2 Word Cloud of the Dataset
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Fig. 3 Word Cloud of the Dataset

In social media data, there is a lot of noise and irrelevant
information. LDA can help identify the main topics, thereby
filtering out irrelevant content and reducing noise interference
in sentiment analysis. Using LDA techniques, three topics
were identified, as shown in Fig. 4. To mitigate noise



interference, the top 10 most relevant terms for each topic
were selected to filter the dataset.

M ocean pacific

Ja padloactlve

release

nuclear

water " water
contaminated plant
plantfukushlma fukusahima e
(32 (3b)
water ‘.

year POWEr

Auclear
waste

(30
Fig. 4 Main Topics. (3a), (3b), (3¢) are respectively Topic 1, 2, 3

Based on these terms as keywords, sentiment analysis was
conducted using the BERT-base-multilingual-uncased-
sentiment model on comments within the dataset. These
topic-related terms are shown in Table III.

TABLE III
TOPIC DETAILS
Topic .
nunf’ber Theme Topic words
Radioactive Waste radioactive, nuclear, water,
1 Management in power, Japan, facility,
Fukushima waste, contaminated,
Fukushima
Ocean Discharge of ocean, Pacific, Japan,
2 Treated Radioactive release, treated, radioactive,
Water water, plant, Fukushima,
nuclear
Long-term Impact water, energy, time, like,
3 of Nuclear Energy power, year, radioactive,

and Waste nuclear, waste, reactor

The analysis results include 'very negative', 'megative',
'neutral’, 'positive', and 'very positive'. The count of sentiment
classification results for each topic is presented in Fig. 5 to 7.
(The labels on the X-axis, from left to right, are "very
positive," "positive," '"neutral," '"negative," and "very
negative." The Y-axis represents the number of posts.)
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Fig. 5 Sentiment Analysis of Topic 1
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Fig. 7 Sentiment Analysis of Topic 3

The VADER results are used to further verify the BERT
results shown in Table I'V.

TABLE IV
SENTIMENT ANALYSIS BY VADER
Topic Positive Neutral Negative
number number number number
1 1404 775 2596
2 1172 713 2340
3 1205 708 2539

It can be observed that, for each topic, negative comments
outnumber positive ones, indicating that netizens' overall
attitude towards Japan's nuclear wastewater discharge is
negative. In addition to analyzing topic distributions and
overall sentiment patterns, this study performed a sentence-
level analysis to better capture the nuances of public
sentiment expressed in posts. Table V provides examples of
sentence-level sentiment analysis results, illustrating how
individual sentences are categorized across different
sentiment classes. This approach ensures that the context and
tone of each post are preserved, offering a more reliable
sentiment classification.

TABLEV
SENTENCE-LEVEL SENTIMENT ANALY SIS RESULTS

Sentiment Posts

Over 1 million tons of treated wastewater will be
released by Japan over the next thirty years.

The National Report describes the legislative and
regulatory measures taken by the UAE to meet its
obligations under the Joint Convention. FANR
issued and drafted six regulations containing
requirement on managing radioactive waste.

Japan began releasing treated nuclear water this
Thursday. it will reach Vancouver, eventually
Tensions over the Fukushima water release.

negative

positive

negative

neutral




IV.CONCLUSION

This paper investigates public opinion surrounding Japan's
controversial plan to dispose of the decision on treated nuclear
wastewater from the Fukushima Daiichi Nuclear Power Plant,
which is being discharged into the Pacific Ocean. The
analysis focuses on social media data from Twitter and
Instagram, utilizing these platforms as primary channels for
understanding global public views on this contentious issue.
Using BERT and VADER to analyze the sentiment of 12,195
posts reveals that public sentiment toward this topic is
predominantly negative.

This paper identifies several limitations that offer
opportunities for future research. Firstly, the dataset used in
this study was not sufficiently large to fully capture the
complexity of the subject matter, thereby limiting the
robustness and generalizability of our findings. Expanding the
dataset in future studies to include a larger, more diverse
sample could address this limitation and provide a more in-
depth understanding of the topic. Furthermore, the absence of
geographical data represents another limitation, as opinions
may vary significantly across regions. Incorporating such data
in future studies could facilitate the examination of regional
differences and their impact on the results.

Additionally, this study relied on data from only two social
media platforms, which limits the representativeness of the
findings. Future studies should broaden the scope to analyze
data from a wider range of platforms to better capture the
diversity of online social interactions and opinions.

Finally, sarcasm detection in short social media posts
remains a challenging aspect of this research. Sarcasm often
depends on context, tone, and non-verbal cues, which are
frequently absent or ambiguous in short text snippets, thereby
affecting the reliability of sentiment analysis. Future research
could address this limitation by employing advanced methods
such as incorporating contextual data, multimodal analysis
(e.g., combining text with images or emojis), or more
sophisticated NLP techniques. Exploring tone, sentiment
progression, or user interaction history can also mitigate the
challenges posed by the lack of non-verbal cues and broader
context. By addressing these limitations, future studies can
refine sentiment analysis methodologies and yield more
reliable, nuanced interpretations of sarcasm and sentiment in
online discourse.
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