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Abstract

Green finance has become a key component of sustainability transitions by supporting the
alignment of financial systems with environmental and climate-related objectives. As dis-
cussions on sustainable investments and climate finance increasingly take place in digital
environments, analyzing large-scale user-generated content has become important for
understanding online discussions and emerging discourse patterns. This study investigates
green finance discourse in the digital public sphere using a multi-method Natural Language
Processing (NLP) framework. A dataset of 23,452 posts collected from the platform X was
analyzed using TF-IDF-based word frequency analysis, FinBERT-based sentiment analysis,
Latent Dirichlet Allocation (LDA) topic modelling, and keyword co-occurrence network
analysis. The results indicate that green finance discourse is dominated by positive (44.61%)
and neutral (45.85%) sentiment, suggesting a generally favorable and institutionalized
public perception. Topic modelling identified three dominant themes: climate finance
and sustainability transition, digital finance and speculative investment narratives, energy
investments and financial infrastructure. Network analysis revealed that sustainability, cli-
mate, energy, investment, and finance constitute the core conceptual structure of discourse.
These findings demonstrate the effectiveness of NLP-based approaches for analyzing large-
scale digital discussions and provide insights for policymakers, financial institutions, and
organizations seeking to better understand online discussions surrounding green finance
and support more effective sustainability communication strategies.

Keywords: green finance; natural language processing; FInBERT; sentiment analysis;
Latent Dirichlet Allocation; text mining; social media analytics; sustainable finance

1. Introduction

The accelerating urgency of climate change and sustainability transitions has funda-
mentally reshaped the strategic landscape in which businesses, financial institutions, and
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policymakers operate. In this context, green finance has emerged as a critical mechanism
for aligning capital allocation with environmental objectives, enabling the transition toward
low-carbon and sustainable economic systems. Beyond its role as a financial instrument,
green finance increasingly functions as a strategic tool, through which organizations sig-
nal commitment to sustainability, manage risk, and position themselves within evolving
regulatory and market environments. As such, it occupies a central role in contemporary
debates on sustainable development and business strategy.

While green finance has been widely examined from financial and regulatory per-
spectives, growing volumes of user-generated content on digital platforms provide new
opportunities for understanding how sustainability-related financial concepts are discussed
and interpreted within online discussions on the platform X. Social media platforms have
become important sources of real-time information, reflecting public reactions, emerging
themes, and sentiment dynamics related to sustainability and finance. Consequently, ana-
lyzing digital discourse can provide valuable insights into the evolving public perception
of green finance.

Despite the growing prominence of green finance in both academic and policy agendas,
existing research has largely adopted a finance-centric perspective, focusing on instruments
such as green bonds, ESG investments, and climate finance mechanisms. While these stud-
ies provide important insights into institutional design and market performance, they tend
to overlook the strategic and discursive dimensions of green finance, particularly how it is
framed, perceived, and contested within digital communication environments. At the same
time, research utilizing social media data often isolates analytical dimensions—such as
sentiment or topic modelling—without capturing the multidimensional nature of discourse,
where meaning is simultaneously shaped by thematic structures, emotional orientations,
and relational patterns.

Addressing these limitations, this study investigates green finance discourse in the
digital public sphere using a multi-method Natural Language Processing (NLP) framework.
By integrating TF-IDF-based text mining, FinBERT sentiment analysis, LDA topic mod-
elling, and keyword co-occurrence network analysis, the study provides a comprehensive
examination of thematic structures, sentiment patterns, and conceptual relationships within
large-scale social media data. This integrated analytical framework enables a multidimen-
sional understanding of public discussions surrounding green finance.

The study makes three key contributions. First, it applies an integrated NLP frame-
work to examine large-scale social media discussions on green finance, combining comple-
mentary analytical techniques within a single workflow. Second, rather than introducing a
new analytical method, the study demonstrates how TF-IDF analysis, FInBERT sentiment
analysis, LDA topic modelling, and keyword co-occurrence network analysis can be in-
tegrated to provide a multidimensional interpretation of digital green finance discourse.
Third, by jointly examining thematic structures, sentiment patterns, and conceptual rela-
tionships, the study offers practical insights for policymakers, financial institutions, and
sustainability practitioners while illustrating the value of combining established NLP tech-
niques for sustainability communication research.

Conceptually, the proposed framework assumes that digital discourse emerges
through multiple complementary analytical dimensions. Lexical patterns constitute the lin-
guistic basis of discourse, thematic structures organize these lexical elements into coherent
narratives, sentiment analysis reveals their affective orientation, and keyword co-occurrence
networks capture the structural relationships through which narratives become reinforced.
Integrating these complementary dimensions provides a conceptual interpretative frame-
work for understanding how green finance discourse is constructed and communicated in
the digital public sphere.
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It should be noted that the objective of this study is not to develop or benchmark
new NLP algorithms. Rather, the proposed framework integrates well-established and
complementary analytical techniques to provide a multidimensional interpretation of
green finance discourse. Accordingly, the contribution of this study lies in methodological
integration and practical application rather than algorithmic performance comparison.

2. Literature

The concept of green finance has been widely examined in recent years, primarily
within the domains of financial economics, sustainability policy, and institutional gover-
nance. Existing studies have largely focused on financial instruments such as green bonds,
ESG investments, and climate finance mechanisms, as well as their roles in supporting
low-carbon transitions and sustainable development goals [1,2]. While this body of research
provides valuable insights into the structural and regulatory dimensions of green finance,
it tends to conceptualize the phenomenon as a technical and market-oriented construct,
often overlooking its social and discursive dimensions.

Recent studies have increasingly emphasized the importance of examining public
discourse surrounding sustainability-related financial concepts. As green finance intersects
with environmental policy, investment decisions, and technological innovation, public
discussions on digital platforms provide valuable insights into how these concepts are
perceived, interpreted, and associated with broader sustainability objectives. Consequently,
analyzing large-scale social media data can contribute to a better understanding of emerging
themes, public sentiment, and communication patterns related to green finance.

The transformation of communication technologies has further amplified these dy-
namics. Social media platforms function as a contemporary digital public sphere in which
individuals and institutions actively participate in shaping public discourse. Drawing on
the notion of the public sphere, digital environments enable the circulation of multiple and
often conflicting narratives, thereby influencing how concepts such as sustainability and
green finance are perceived and legitimized. Studies examining climate change discourse
on social media have demonstrated that such platforms operate as “unsolicited public
opinion spaces”, where sentiment, framing, and thematic clustering reflect broader societal
attitudes [3,4]. These insights are directly transferable to green finance, as the concept
intersects with climate policy, economic transformation, and sustainability transitions.

Methodologically, the increasing availability of digital trace data has led to the grow-
ing use of text mining and natural language processing techniques in analyzing public
discourse [5]. Approaches such as TF-IDF-based term weighting, topic modelling, and
sentiment analysis have been widely applied to short-text environments such as social
media [6,7]. TF-IDF enables the identification of distinctive terms within large text cor-
pora by balancing term frequency and document-level distribution [8,9]. Topic modelling
techniques, especially Latent Dirichlet Allocation (LDA), provide a probabilistic frame-
work for uncovering latent thematic structures within text collections [10]. At the same
time, advances in deep learning have led to the adoption of transformer-based models
such as BERT, attention mechanisms, and graph-based deep learning architectures, which
have demonstrated strong performance in extracting complex semantic and structural
patterns across various application domains [11-13]. These developments further highlight
the growing capability of modern artificial intelligence techniques for analyzing complex
textual and relational data.

In addition to thematic and sentiment-based analyses, the relational dimension of
discourse has gained increasing attention. Keyword co-occurrence networks allow re-
searchers to examine how concepts are interconnected and clustered within a discourse,
revealing the structural relationships that underpin meaning construction [14-16]. This re-
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lational perspective is particularly important for understanding complex phenomena such
as green finance, where multiple domains—environmental, financial, technological, and
policy-related—intersect.

Despite these methodological advancements, a key limitation in the literature is
the tendency to analyze these dimensions in isolation. Many studies focus either on
thematic structures, sentiment patterns, or conceptual networks, without integrating these
perspectives into a unified analytical framework. This fragmented approach restricts the
ability to fully capture the multidimensional nature of discourse, particularly in the context
of short-text digital data where meaning is often context-dependent and relational.

Addressing this gap, the present study adopts an integrated, multi-method ap-
proach that combines TF-IDF-based word frequency analysis, LDA topic modelling,
FinBERT-based sentiment analysis, and keyword co-occurrence networks. By doing so, it
enables a comprehensive examination of green finance discourse across three interrelated
dimensions: thematic structure, emotional orientation, and conceptual relationships. This
approach contributes to the literature by offering a more holistic understanding of how
green finance is constructed, interpreted, and negotiated within the digital public sphere.

3. Materials and Methods

This study analyzed 27,376 tweets collected from the platform X between 1 and
31 January 2026, to investigate the digital discourse on green finance. During the data
cleaning and text preprocessing stage, duplicate content, URL links, semantically weak
terms, and contextually irrelevant expressions were removed, resulting in a final dataset of
23,452 tweets for analysis.

The study employed a multi-method text mining framework, including TF-IDF-based
word frequency analysis, FInBERT-based sentiment analysis, and LDA topic modelling.
In addition, the findings were supported by visualization techniques such as density
visualizations, and keyword co-occurrence networks.

Figure 1 presents the overall NLP workflow adopted in this study.

o©
so0O°0
o o
Data Collection © Data Preprocessing Word Frequency Sentiment Analysis Topic Modelling
[e) (X API) (23,452 Posts) (TF-IDF) (FinBERT) (LDA)

Visualization

Figure 1. NLP workflow.

Overview of the NLP-based analytical framework. The workflow includes data
collection, preprocessing, TF-IDF word frequency analysis, FINBERT sentiment analysis,
LDA topic modelling, visualization, and result interpretation for examining green finance
discourse on the platform X.

This multi-layered methodological approach enables a comprehensive assessment of
the thematic structures, emotional orientations, and conceptual relationships underlying
green finance discourse in the digital public sphere.

Within this framework, each analytical technique serves a distinct but complementary
interpretative role. TF-IDF identifies salient lexical signals, LDA organizes these signals
into thematic narratives, FInBERT captures the emotional framing of these narratives, and
keyword co-occurrence network analysis reveals the conceptual relationships through
which discourse is structurally organized. Rather than interpreting these analytical outputs
independently, the study integrates them into a single conceptual interpretative framework
for analyzing green finance discourse.

Each analytical component was selected because it captures a different dimension
of digital discourse. TF-IDF identifies salient terms, FinBERT captures domain-specific
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sentiment, LDA uncovers latent thematic structures, and keyword co-occurrence networks
reveal conceptual relationships among frequently occurring terms. These methods are
therefore complementary rather than competing analytical approaches. Consequently, this
study does not aim to evaluate the predictive superiority of individual algorithms but to
demonstrate their combined analytical value for interpreting green finance discourse.

3.1. Data Set

This study utilized the platform X as a data source to examine the digital public dis-
course surrounding the concept of green finance. As a widely used social media platform,
X functions as a contemporary digital public sphere in which diverse actors—including
policymakers, financial institutions, investors, and individuals—engage in real-time discus-
sions on global issues such as climate change, sustainability, and financial markets [17]. Its
open and interactive structure makes it particularly suitable for capturing public interpreta-
tions and discursive dynamics related to emerging socio-economic concepts.

Data were collected from the platform X using the X API v2 by searching the keyword
“green finance”, which was selected due to its comprehensive nature as an umbrella term
encompassing related subtopics such as sustainable finance, climate finance, and green
investment [1,2]. This approach enabled the study to capture the broad discursive land-
scape of green finance without restricting the analysis to specific financial instruments or
subdomains. Although the keyword “green finance” was selected as a broad umbrella term,
we acknowledge that related discussions using alternative expressions such as “sustainable
finance”, “ESG investing”, “climate finance”, “green bonds”, or “transition finance” may
not have been fully captured. Consequently, the findings should be interpreted as repre-
senting online discourse explicitly associated with the term “green finance” rather than the
entirety of sustainability-related financial discussions in the digital public sphere. Future
studies may adopt broader keyword strategies to capture a more comprehensive range of
sustainability finance discourse.

The data collection period spanned from 1 January to 31 January 2026. This timeframe
was selected to provide a clearly defined and temporally consistent snapshot of public
discourse on green finance. Rather than aiming to represent long-term or stable public
opinion, the selected period enables the examination of discourse within a specific temporal
context. Because public discussions may be influenced by policy announcements, market
developments, or sustainability-related events occurring during the collection period, the
findings should be interpreted as reflecting discourse during January 2026. Future studies
employing longitudinal datasets would enable the investigation of temporal changes and
the assessment of discourse stability over time [5].

A total of 27,376 tweets were initially collected, and after preprocessing, duplicate
entries, irrelevant content, and textual noise were removed, resulting in a final dataset of
23,452 tweets. This dataset size provides a sufficiently large corpus for exploring thematic
patterns and sentiment distributions in large-scale social media analyses [18,19]. Only
publicly accessible English-language posts were retained to ensure compatibility with
FinBERT. Duplicate posts and repeated content were removed to reduce redundancy, while
retweets were retained only when they contained unique textual content; exact duplicate
retweets were excluded. Replies and quote posts were included when they contained
original text relevant to the search query. No automated bot- or spam-detection algorithm
was applied, and this is acknowledged as a limitation of the study.

3.2. Text Mining

Text mining represents an interdisciplinary approach that combines natural language
processing (NLP) and statistical techniques to identify patterns, relationships, and trends
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within unstructured textual data [20]. In large-scale and unstructured environments such
as social media, text mining provides a systematic framework for analyzing conceptual
densities and discursive structures, enabling researchers to uncover the underlying orga-
nization of digital discourse [21]. In this study, text mining techniques were employed
to examine both the conceptual and emotional dimensions of green finance discourse.
Specifically, TF-IDF-based word frequency analysis and FinBERT-based sentiment analysis
were utilized within a multi-method analytical framework.

Prior to analysis, the dataset underwent a series of preprocessing steps to enhance
data quality and analytical reliability. All text was converted to lowercase, while URL
links, special characters, and punctuation marks were removed. Additionally, stop words
with limited semantic value were excluded, and duplicate content was eliminated. These
preprocessing procedures reduced noise within the dataset and improved the consistency
and robustness of subsequent analyses [22].

All analyses were conducted using Python 3.14.6. Data handling and preprocessing
were performed using pandas and NumPy 2.5.0, while regular expressions were used
to remove URLs, mentions, hashtags, special characters, and redundant spaces. Missing
tweet texts were removed before analysis. For word frequency and visualization anal-
yses, NLTK stopword lists were used, and only alphabetic tokens longer than two or
three characters were retained depending on the analysis. Sentiment analysis was per-
formed using the FINBERT model through the Hugging Face Transformers library. The
model classified tweets into positive, negative, and neutral sentiment categories. Topic
modelling was implemented using scikit-learn’s CountVectorizer and LatentDirichletAl-
location. The CountVectorizer was configured with English stop words, max_df = 0.95,
and min_df = 2. The LDA model was estimated with three topics, random_state = 42, and
batch learning. Keyword co-occurrence networks were generated using NetworkX 3.6.1
and Matplotlib 3.10.0, with a co-occurrence window size of 2, a minimum co-occurrence
threshold of 2, and the 60 most frequent keywords included as nodes. A grid-based sen-
sitivity analysis was performed by varying the minimum co-occurrence threshold (2-10),
the number of retained high-frequency keywords (40-100), and the co-occurrence win-
dow size (2-5). The selected configuration (threshold = 2, top words = 60, window = 2)
was retained because it preserved the complete conceptual structure while maintaining
comparable network properties across all analyses.

The word frequency analysis was conducted using the TF-IDF (Term Frequency-
Inverse Document Frequency) method, which identifies distinctive terms by balancing their
frequency within individual documents against their distribution across the corpus [23].
This approach enabled the identification of salient concepts and thematic markers that
structure green finance discourse.

From the perspective of information retrieval theory, TF-IDF is a lexical weighting
method designed to estimate the discriminative importance of terms within a document col-
lection rather than to capture semantic meaning [24,25]. Consequently, TF-IDF is effective
for identifying salient lexical features but cannot resolve contextual ambiguity or poly-
semous expressions commonly found in short social media texts and financial discourse.
In the present study, this limitation is intentionally addressed through a complementary
analytical framework. FInBERT provides contextual semantic representations based on
transformer architectures, LDA identifies latent thematic structures from document-level
word distributions, and keyword co-occurrence network analysis captures conceptual
relationships among frequently associated terms. Therefore, semantic interpretation in
this study emerges from the integration of lexical, contextual, probabilistic, and relational
analyses rather than from TF-IDF in isolation.
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3.3. Sentiment Analysis

Sentiment analysis is a natural language processing technique used to determine the
emotional orientation of textual expressions, typically categorized as positive, negative,
or neutral [26]. It serves as a critical analytical tool for examining social attitudes and
public perceptions reflected in user-generated content, particularly within social media
environments [27]. In this study, sentiment analysis was employed to capture the emotional
dimension of digital discourse surrounding the concept of green finance.

The sentiment analysis was conducted using FInBERT, a transformer-based language
model specifically developed for financial text analysis [28]. Built upon the Bidirectional
Encoder Representations from Transformers (BERT) architecture, FInBERT has been pre-
trained and fine-tuned on large-scale financial corpora, enabling effective sentiment classi-
fication in finance-related textual data [29]. Given that green finance discourse frequently
contains investment, market, capital, and sustainability-related terminology, FinBERT was
considered particularly suitable for capturing contextual sentiment patterns within social
media discussions. Unlike traditional lexicon-based approaches that rely on predefined
sentiment scores, FINBERT evaluates the contextual meaning of words and sentences, al-
lowing for more accurate identification of sentiment in short and domain-specific texts [30].
This capability is especially valuable in social media environments, where meaning is often
shaped by contextual nuances and financial terminology [31]. The model was employed
to classify tweets into positive, negative, and neutral sentiment categories, providing a
robust representation of public attitudes toward green finance. Although FinBERT has
demonstrated strong performance in financial sentiment analysis, no additional manual
annotation or model-specific validation was conducted within the scope of this study.
Consequently, the sentiment classifications rely on the pre-trained capabilities of the model.
Furthermore, social media texts may contain sarcasm, promotional language, spam, or
context-dependent expressions that remain challenging for transformer-based sentiment
models. Therefore, the sentiment analysis results should be interpreted as an approxi-
mation of overall public sentiment rather than an error-free classification of individual
posts. Future studies could improve analytical reliability by incorporating manually anno-
tated validation datasets, reporting performance metrics, and comparing FInBERT with
alternative transformer-based sentiment models.

3.4. Topic Modelling

Topic modelling is a probabilistic text analysis technique designed to uncover la-
tent thematic structures within large text corpora by identifying patterns of word co-
occurrence [32]. Rather than assigning texts to predefined categories, this approach enables
the discovery of underlying themes that structure discourse, making it particularly suitable
for analyzing complex and unstructured data such as social media content [7,33]. In this
study, topic modelling was employed to reveal the thematic organization of green finance
discourse within the digital public sphere.

The analysis utilized the Latent Dirichlet Allocation (LDA) model, a widely used prob-
abilistic generative approach that assumes each document (i.e., each tweet) is composed of a
mixture of topics, and each topic is represented by a distribution of words [34]. By examining
patterns of word co-occurrence across the dataset, LDA identifies clusters of terms that corre-
spond to latent thematic structures [35]. In this framework, documents are represented through
topic distributions, while topics are defined by probabilistic word associations, enabling the
systematic identification of dominant themes and their representative terms [36].

LDA was selected due to its interpretability and its extensive use in the literature
for analyzing thematic structures in large-scale textual datasets, particularly in short-text
environments such as social media [37]. Furthermore, the model allows for the quantitative
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assessment of thematic prevalence by estimating both the distribution of topics across
documents and the relative importance of each topic within the corpus [38]. This facilitates
a structured examination of the thematic axes that underpin green finance discourse.

To determine the optimal number of topics, multiple LDA models ranging from
two to ten topics were evaluated using coherence scores, which measure the semantic
consistency and interpretability of generated topics. The resulting coherence scores were
0.630 for two topics, 0.680 for three topics, 0.670 for four topics, 0.640 for five topics,
0.610 for six topics, 0.590 for seven topics, 0.560 for eight topics, 0.580 for nine topics, and
0.600 for ten topics. Among the evaluated models, the three-topic model achieved the
highest coherence score (0.680), indicating the best balance between semantic coherence
and topic interpretability. Although the four-topic model produced a comparable coherence
score (0.670), qualitative examination indicated that it generated more fragmented and
overlapping themes. Therefore, the three-topic solution was selected for the final analysis.

As this study adopts an exploratory NLP framework, conventional statistical signifi-
cance tests were not directly applicable to the analyses performed. Instead, methodological
robustness was enhanced through several complementary procedures. The topic modelling
results were evaluated using coherence scores to ensure semantic consistency. Sentiment
analysis was conducted using the domain-specific FinBERT model, and the findings were
interpreted by comparing results across TE-IDF analysis, topic modelling, sentiment analy-
sis, and keyword co-occurrence network analysis. The consistency observed across these
complementary analytical approaches provides additional support for the reliability of
the findings. Although LDA has recognized limitations when applied to short texts such
as social media posts, it remains one of the most widely adopted and interpretable topic
modelling techniques in the literature. To improve topic quality, standard preprocessing
procedures were applied to reduce textual noise, and the optimal number of topics was
selected based on coherence score evaluation. Nevertheless, no formal human interpretabil-
ity assessment or external validation of the extracted topics was conducted. Therefore,
the identified topics should be interpreted as probabilistic thematic structures rather than
definitive semantic categories. Future research may compare LDA with topic modelling
approaches specifically developed for short texts, such as BERTopic or the Biterm Topic
Model (BTM), and incorporate expert-based topic validation.

4. Results

The results of text mining, TF-IDF-based word frequency analysis, LDA topic mod-
elling, and FInBERT-based sentiment analysis applied to a dataset of 23,452 tweets collected
from the platform X between 1 and 31 January 2026 are presented within a comprehensive
analytical framework following the preprocessing stage. The findings provide insights into
how green finance is discussed within the digital public sphere, the concepts with which it
is associated, and the emotional orientations shaping public discourse.

In addition, visualization techniques, including keyword co-occurrence networks and
density visualizations, were employed to explore the thematic densities and conceptual
clusters underlying the discourse. This multi-layered analytical approach enables a system-
atic evaluation of the social perception of green finance across both thematic and emotional
dimensions.

The distribution of sentiment across the dataset is presented in Table 1.

Table 1. Sentiment analysis results.

Positive Negative Neutral
10.460 2.236 10.756
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Based on the analysis of 23,452 tweets, 44.61% of the content was classified as positive,
9.54% as negative, and 45.85% as neutral. The findings indicate that positive and neutral
discourse dominate at nearly equal levels, while negative sentiment remains compara-
tively limited.

This distribution suggests that green finance is predominantly discussed in an infor-
mative, policy-oriented, and supportive context within the digital public sphere. The high
proportion of positive content reflects an optimistic perception of green finance, particularly
in relation to climate finance, ESG practices, renewable energy investments, and sustainable
economic transformation.

In contrast, negative discourse is primarily associated with concerns regarding regulatory
complexity, transition costs, financial risks, and debates surrounding issues such as greenwash-
ing. These findings indicate that while green finance is generally perceived positively, critical
perspectives persist, particularly in relation to its economic and regulatory implications.

Overall, the sentiment distribution suggests that green finance is predominantly
discussed in a supportive and institutional context within the analyzed dataset.

4.1. Word Frequency Analysis

To identify the conceptual axes underlying green finance discourse, a word frequency
analysis was conducted using the TF-IDF method, with results categorized by sentiment.
This approach enables the identification of distinctive terms within each sentiment category,
thereby revealing how thematic emphases vary across emotional contexts. The results are
presented in Table 2.

Table 2. Word frequency results.

Positive Negative Neutral
Growth Risk Global
Future Market Capital
Innovation Stock Financial
Clean Billion Summit
Strong Fund Innovation
Token Investment Development
Crypto Transition Market
Tech Carbon Bank
Project Development Transition
Good Capital Sustainability

The distribution of keywords across sentiment categories reveals that green finance
discourse is structured around distinct thematic orientations. In the positive category, terms
such as growth, future, innovation, cleanliness, and technology indicate that green finance is
associated with progress, transformation, and forward-looking economic development. The
presence of terms such as crypto and token further suggests a linkage between green finance
and digital financial innovation, reflecting the integration of sustainability narratives with
emerging financial technologies.

In contrast, the negative sentiment category is dominated by terms such as risk,
market, investment, capital, and transition, indicating that critical discourse is primarily
framed in terms of financial uncertainty, regulatory pressures, and structural transformation
costs. The prominence of the term carbon suggests that environmental objectives are often
discussed in relation to economic trade-offs and policy constraints. This indicates that
negative sentiment is not directed toward sustainability itself but toward the complexities
associated with its implementation.
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The neutral category is characterized by terms such as global, financial, capital, bank,
and sustainability, reflecting a predominantly institutional and macroeconomic framing
of green finance. The presence of terms such as summit and development suggests that
the discourse is frequently embedded in policy communication, corporate reporting, and
international governance contexts.

Overall, the findings indicate that green finance discourse varies systematically across
sentiment categories, with positive narratives emphasizing innovation and growth, nega-
tive narratives focusing on risk and transition challenges, and neutral discourse reflecting
institutional and informational communication. This differentiation highlights the multidi-
mensional nature of green finance as both a policy concept and a financial practice within
the digital public sphere.

4.2. Topic Modelling Analysis

The thematic structure of green finance discourse in the digital public sphere was
examined using the Latent Dirichlet Allocation (LDA) model. The final model was selected
based on coherence score optimization, with the three-topic solution achieving the highest
coherence score (0.68). This approach identifies latent topics by analyzing patterns of word
co-occurrence across the dataset, enabling the detection of underlying thematic clusters
within large-scale textual data [39].

For each topic, the mean topic probability and prevalence were calculated to assess
both the relative importance and distribution of themes across the corpus. The results are
presented in Table 3, which summarizes the dominant topics and their associated keyword
structures.

Table 3. Topic modelling results.

Topic N Mean Topic Probability Prevalence Topmost Co-Occurring Words
’ 0.4404 45.44% Gregn, flnanc.:e., chr'nate, sustainability, energy,
capital, transition, investment, development, carbon
3 0.3400 35.05% G.reer.1, finance, crypto, market, trading, stocks,
bitcoin, tech, money, bank
1 0219 19.51% Green, finance, energy, solar, power, investment,

market, global, growth, data

4.2.1. Topic 2: Climate Finance and Sustainability Transition

Topic 2 was the most dominant topic (45.44%). It is structured around keywords such
as climate, sustainability, energy, transition, investment, and carbon, indicating that green
finance discourse is primarily framed within the context of environmental sustainability and
the transition to a low-carbon economy. The co-occurrence of terms such as development,
capital, and innovation further suggests that financial mechanisms are perceived as integral
to enabling long-term structural transformation.

From a theoretical perspective, this topic reflects the alignment of financial systems
with environmental governance, where green finance functions as a policy-oriented instru-
ment supporting sustainability transitions. The dominance of this theme indicates that,
within the digital public sphere, green finance is largely interpreted through a sustainability-
driven narrative that integrates economic growth with environmental responsibility.

4.2.2. Topic 3: Digital Finance and Speculative Investment Narratives

Topic 3 was the second most prevalent topic (35.05%). It is characterized by keywords
such as crypto, bitcoin, trading, market, stocks, and technology, revealing a strong as-
sociation between green finance and digital financial ecosystems. This thematic cluster
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indicates that green finance discourse is partially embedded within speculative investment
environments and emerging financial technologies.

The findings indicate a strong association between green finance discourse and
investment-oriented themes, including digital assets, trading, and market activities. The
integration of green finance into cryptocurrency and digital trading narratives suggests
that its meaning is being expanded beyond environmental concerns, indicating that green
finance is increasingly discussed alongside digital finance and investment-related activities.

4.2.3. Topic 1: Energy Investments and Financial Infrastructure

Topic 1 accounted for 19.51% of the corpus, making it the least prevalent of the three
identified topics. It is characterized by keywords such as energy, solar, power, investment,
global, and growth, indicating a focus on large-scale energy projects and infrastructure
financing. This topic reflects a more sector-specific discourse in which green finance is
framed as a capital-intensive mechanism supporting renewable energy development and
global investment flows.

From a theoretical standpoint, this theme highlights the role of green finance as a
bridge between sustainability objectives and capital allocation processes. It emphasizes the
material and infrastructural dimension of green finance, demonstrating how environmental
goals are operationalized through large-scale financial investments in energy systems.

4.3. Data Visualization

Density visualization was employed to identify conceptual concentrations and co-
occurrence patterns within green finance discourse. This method represents the spatial
distribution of keywords based on their frequency and relational proximity, where areas of
higher density indicate stronger thematic clustering and conceptual centrality [14,40].

The density map provides an overview of how key concepts are organized within
the discourse and highlights the relative importance of thematic clusters. By revealing
areas of high conceptual intensity, this approach complements word frequency analysis
and co-occurrence network results, enabling a more comprehensive understanding of the
structural organization of green finance discourse.

The distribution of conceptual densities in the dataset is presented in Figure 2.

Figure 2 displays the conceptual density and clustering of keywords within the dataset.
The concentration of terms around green and finance indicates that these concepts function
as the central anchors of discourse. High-density clusters formed by terms such as climate,
energy, sustainability, and investment reveal the core thematic focus on environmental
transition. Peripheral clusters suggest the presence of secondary themes related to digital
finance and policy discourse. This structure demonstrates the multi-layered organization
of green finance discourse.

A keyword co-occurrence network was constructed to examine the relational structure
of concepts within green finance discourse. This method identifies conceptual clusters by
analyzing the co-occurrence patterns of keywords within the same textual context [16].
In the network structure, nodes represent keywords, while edges indicate the frequency of
co-occurrence between terms [15]. The size of nodes and the density of connections reflect
the relative importance and centrality of concepts within the discourse.

This approach enables the identification of how key concepts are interconnected and
how thematic clusters are formed within the dataset. By mapping these relationships, co-
occurrence network analysis provides insight into the structural organization of discourse
and the interaction between different conceptual domains.
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Figure 2. Density visualization.

Figure 3 presents separate keyword co-occurrence networks for positive and neg-
ative tweets, enabling a comparison of their conceptual structures. The corresponding
quantitative network characteristics are summarized in Table 4.
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(a) Positive keyword co-occurrence network
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(b) Negative keyword co-occurrence network

Figure 3. Sentiment-specific keyword co-occurrence networks for (a) positive and (b) negative
tweets. Node size represents degree centrality, and node colors indicate communities identified using
modularity-based community detection.

As shown in Table 4, the overall keyword co-occurrence network was highly inter-
connected (density = 0.831), indicating extensive conceptual relationships among the most
frequently occurring terms. Compared with the overall network, the positive discourse net-
work remained relatively dense (density = 0.545; modularity = 0.078), whereas the negative
discourse network was considerably sparser (density = 0.128) and exhibited the highest
modularity (0.155), suggesting a stronger separation into distinct conceptual communities.
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Table 4. Quantitative characteristics of sentiment-specific keyword co-occurrence networks.
Network Tweets Density Average Degree Modularity Average Path Length
Overall 5802 0.831 49.00 0.046 1.169
Positive 1339 0.545 32.17 0.078 1.455
Negative 240 0.128 7.53 0.155 1.886

Node-level centrality analysis further revealed structural differences between positive
and negative discourse. In the positive network, green, finance, climate, sustainability, and
energy exhibited the highest degree centrality values, indicating that supportive discus-
sions were broadly organized around sustainability and climate-transition concepts. In
contrast, the negative network was dominated by green and finance, which also displayed
substantially higher betweenness centrality values, while economically oriented concepts
such as profit, costs, and revenue became relatively more central. These findings indicate
that negative discourse is concentrated around a limited number of economic concerns,
whereas positive discourse exhibits a broader conceptual organization.

The keyword co-occurrence analysis was extended through standard graph-theoretical
measures, including degree centrality, betweenness centrality, closeness centrality, eigen-
vector centrality, modularity, and community detection. In addition, separate positive
and negative networks were constructed to compare sentiment-specific conceptual struc-
tures. Parameter sensitivity analyses were also conducted to evaluate the robustness of the
selected co-occurrence settings.

5. Discussion

This study examines how green finance is represented and discussed within the
digital public sphere using a multi-method NLP framework. By integrating sentiment
analysis, topic modelling, and network analysis, the findings provide a comprehensive
overview of thematic structures, sentiment patterns, and conceptual relationships within
large-scale social media discourse. By integrating thematic, sentiment, and relational
analyses, the findings extend existing literature, which has largely examined green finance
through institutional, regulatory, and performance-based lenses [1,41]. In doing so, the
study contributes to the growing literature on sustainable finance by demonstrating how
NLP-based techniques can be used to analyze large-scale digital discussions and uncover
thematic, emotional, and relational patterns within green finance discourse.

The results indicate that green finance discourse is positioned at the intersection of
sustainability, governance, and investment-related themes. Discussions frequently com-
bine environmental objectives with economic and financial considerations, highlighting
the multidimensional nature of green finance in digital communication environments.
Consistent with previous studies, our findings confirm that sustainability, climate action,
and low-carbon transition remain the dominant themes in green finance discourse [1,2].
Like earlier research, environmental and financial concepts constitute the core structure
of public discussions. However, our findings also reveal a stronger association between
green finance and digital finance topics, including cryptocurrency, trading, and financial
technology. This differs from much of the existing literature, which has primarily focused
on institutional, regulatory, and market perspectives of green finance. The prominence of
digital finance themes in our dataset suggests that contemporary online discussions in-
creasingly integrate sustainability narratives with emerging financial technologies, thereby
extending previous research on green finance discourse.

From a sentiment perspective, the predominance of positive and neutral discourse
suggests a generally favorable pattern of sentiment expressed by X users regarding green
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finance within the digital public sphere. This finding supports earlier studies indicating
that sustainability-related financial practices are becoming normalized through regulatory
integration and market adoption [41]. However, the persistence of negative sentiment
associated with regulatory complexity, transition costs, and market uncertainty indicates
that concerns regarding the implementation and economic implications of green finance
continue to be present within public discourse. Rather than reflecting opposition to sus-
tainability goals, these concerns point to tensions associated with the implementation and
economic implications of green finance, reinforcing the notion that sustainability transitions
are inherently complex and uneven processes.

Importantly, the relational patterns revealed through keyword co-occurrence networks
and density visualization demonstrate that green finance discourse is highly intercon-
nected and structurally complex. Core concepts such as climate, energy, and investment
form a dense central cluster, while peripheral clusters indicate the presence of specialized
and evolving thematic domains. The network structure indicates strong conceptual rela-
tionships among environmental, financial, and technological themes, demonstrating the
interconnected nature of green finance discussions within the digital public sphere [14-16].

From a business strategy perspective, these findings provide several practical implica-
tions for financial institutions and sustainability practitioners. First, financial institutions
should enhance the transparency of their green finance products and sustainability initiatives
to strengthen public trust and address concerns related to greenwashing. Second, because
digital platforms play a central role in shaping public discourse, organizations should incorpo-
rate digital communication strategies into their sustainability efforts and actively engage with
stakeholders through online channels. Third, sustainability practitioners can use NLP-based
text analytics to monitor perceptions expressed by X users, identify emerging concerns, and
evaluate the effectiveness of sustainability communication. These practices can support more
informed decision-making and improve stakeholder engagement.

From a policy perspective, the findings suggest several practical recommendations. Pol-
icymakers should consider public discourse when designing and evaluating green finance
policies, as social media discussions provide valuable insights into public expectations and
emerging concerns. In addition, clearer reporting standards and transparency requirements may
help reduce uncertainty and mitigate concerns related to greenwashing. Incorporating insights
derived from large-scale NLP analyses into policy evaluation processes may also contribute to
more evidence-based and socially responsive green finance strategies [5].

The findings indicate that green finance discourse should be interpreted as a multidi-
mensional communication process rather than as a collection of isolated textual features.
Within the proposed conceptual interpretative framework, lexical prominence identified by
TF-IDF forms the vocabulary of public discussions, thematic organization derived from
LDA provides narrative coherence, sentiment orientation identified by FInBERT reflects
evaluative framing, and conceptual connectivity revealed through keyword co-occurrence
networks explains how narratives become structurally reinforced. Together, these com-
plementary analytical dimensions provide a coherent interpretation of how green finance
discourse is constructed, communicated, and maintained within the digital public sphere.

This study contributes to the literature by demonstrating the practical value of in-
tegrating multiple established NLP techniques within a single analytical framework for
examining green finance discourse. Rather than introducing a new methodological ap-
proach, the study illustrates how complementary methods can be combined to capture
thematic, emotional, and relational dimensions of sustainability-related online discussions.
This integrated perspective provides a richer interpretation of digital discourse and may
serve as a useful analytical framework for future studies examining sustainability com-
munication across different contexts and platforms. Accordingly, the proposed analytical
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framework follows an information retrieval perspective in which lexical weighting, con-
textual language modelling, probabilistic topic discovery, and relational network analysis
jointly contribute to a more comprehensive interpretation of digital discourse than any
individual method alone.

Because this study does not propose a novel NLP architecture or prediction model,
benchmark comparisons with alternative algorithms and module ablation experiments
were considered beyond its intended scope. Instead, the proposed framework empha-
sizes analytical complementarity by combining established methods that address different
dimensions of digital discourse. Future research may systematically compare alterna-
tive sentiment analysis models (e.g., VADER and general-purpose BERT), short-text topic
modelling approaches (e.g., BERTopic and Biterm Topic Model), and alternative network
analysis techniques while conducting module ablation experiments to quantify the individ-
ual contribution of each analytical component.

6. Conclusions

Green finance has become an important component of sustainability transitions, at-
tracting increasing attention across digital communication environments. This study in-
vestigated green finance discourse in the digital public sphere using a multi-method NLP
framework integrating text mining, FinBERT sentiment analysis, LDA topic modelling,
and keyword co-occurrence network analysis. The findings demonstrate that green fi-
nance discussions are characterized by distinct thematic structures, sentiment patterns,
and conceptual relationships that reflect the interaction of sustainability, finance, and
technology-related topics.

The results indicate that green finance discourse encompasses both sustainability-
oriented and investment-oriented themes. While climate action, sustainability transition,
and renewable energy remain dominant topics, discussions related to digital finance,
investment activities, and emerging financial technologies also occupy a substantial share of
the discourse. This demonstrates the multidimensional nature of green finance discussions
within social media environments.

From a managerial perspective, the findings emphasize the importance of monitoring
online discussions and sentiment dynamics related to green finance on the platform X.
Organizations can benefit from social media analytics and NLP-based monitoring systems
to better understand stakeholder expectations, identify emerging concerns, and support
more effective sustainability communication strategies.

From a policy perspective, the findings demonstrate the value of utilizing large-scale
social media analytics to support the design and evaluation of green finance policies and
sustainability-related financial frameworks. Policymakers can benefit from insights into
discussions expressed on the platform X, enabling the development of more adaptive and
evidence-informed sustainability policies. This is particularly important in ensuring that
green finance initiatives are not only economically viable but also socially legitimate and
broadly supported.

This study contributes to the literature by applying an integrated NLP framework to the
analysis of green finance discourse in the digital public sphere. The findings highlight the
importance of understanding online discussions, thematic structures, and sentiment dynamics
related to green finance on the platform X. Furthermore, the study demonstrates the usefulness
of FInBERT sentiment analysis, LDA topic modelling, and keyword network analysis for
examining large-scale sustainability discussions on social media platforms. Future research
may extend this approach through cross-platform, longitudinal, and cross-cultural analyses to
provide a broader understanding of evolving sustainability-related discourse.
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This study has several limitations that should be acknowledged. First, the analysis
was based on English-language posts collected from the platform X during a single month
(January 2026), providing a temporal snapshot rather than a representation of long-term
online discourse. Because discussions on social media may change in response to policy
developments, market events, and sustainability-related agendas, the findings should be
interpreted within the selected period and platform rather than as representative of broader
public opinion. Second, the dataset was retrieved using only the keyword “green finance”.
Although this term represents the central concept examined in the study, discussions

aw i

employing related expressions such as “sustainable finance”, “ESG investing”, “climate
finance”, “green bonds”, or “transition finance” may not have been captured. Furthermore,
the dataset may include posts from individual users, organizations, institutional accounts,
and promotional content, while no distinction was made between these account types
and geographic information was not considered. Finally, although LDA provided an
interpretable thematic representation of the corpus and the keyword co-occurrence network
offered useful exploratory insights, no formal human validation of topic interpretability
was performed. While quantitative network analysis was conducted, future research could
incorporate additional graph-theoretical metrics and expert-based validation to further

strengthen the robustness and interpretability of the findings.
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