
The Imperative of Environmental Policy 

Today's global ecosystem faces unprecedented challenges due to human activities, making 

effective environmental policy beneficial and essential. These policies serve as our collective 

response to climate change and biodiversity loss, where every delay and misstep can have 

irreversible consequences. As we navigate this crucial era, the urgency to refine our approach to 

environmental policymaking cannot be overstated. The way we talk about and establish these 

policies goes beyond sharing ideas—it influences how we perceive and act on them. According 

to Feindt and Oels (2005) the language utilized in creating policies has an impact, on shaping 

laws and public opinions. It is crucial that this language is clear and flexible to ensure that 

policies develop in line with knowledge and public consciousness (Feindt & Oels 2005). The 

effectiveness of these policies relies on the accuracy and flexibility of the language employed 

allowing policies to progress along with understanding and public awareness. 

 

Moreover, environmental policies act as guidelines that direct both efforts and global 

collaboration, in addressing environmental challenges. This guiding role is crucial in fostering a 

unified approach to global challenges, where the interconnected nature of ecosystems demands 

collective efforts. Articulating clear, actionable policies can catalyze the necessary political and 

social will, galvanizing communities, and governments worldwide to commit to sustainable 

practices. Thus, crafting environmental policy is a profound responsibility involving not only 

environmental scientists and policymakers but also linguists and communicators to ensure the 

message is clear and compelling (Lejano & Ingram, 2009). 

 

The Role of Influential Environmental Documents 

Influential documents like the Paris Agreement, the Green New Deal, and various national acts 

such as the Clean Air and Water Acts in the USA or the European Green Deal have shaped 

modern environmental policies significantly. These documents do more than set targets—they 

inspire movements, inform education, and create frameworks within which local and 

international policies evolve. Analyzing these documents with advanced text analytics methods 

can provide deeper insights into their linguistic and thematic structures, revealing the evolution 

of environmental discourse over time. They serve as a benchmark for assessing global progress 

on environmental issues and guide future legislative efforts, ensuring continuity and coherence in 

policy responses. The widespread influence of these documents extends to shaping corporate 

policies and investment strategies, thereby embedding environmental considerations into broader 

economic decisions. They also play a crucial role in fostering international cooperation by 

providing a common language and shared goals for addressing transboundary environmental 

challenges like climate change and wildlife conservation. By setting precedents in environmental 

accountability, these documents encourage nations to commit to more ambitious environmental 

protection goals, thereby elevating global environmental standards. Furthermore, the role of 

these pivotal documents in legal frameworks cannot be understated, as they often provide the 

legal backbone necessary for enforcement actions and compliance checks, making environmental 

policy a tangible element of national and international law (Arnold & Gunderson, 2013). 

 

Research Questions and Hypothesis 

This study explores the intricate relationship between language and environmental policymaking, 

posing several research questions to uncover how pivotal environmental terms are defined and 

employed across critical documents. It aims to discern the significant themes encapsulated in 



these documents and assess their impact on the public sentiments. The hypothesis asserts that a 

comprehensive analysis of thematic and semantic elements in environmental policies will 

substantially improve the accuracy and impact of public policy. By dissecting the underlying 

themes and meanings within these policies, policymakers can develop more targeted and 

effective strategies that resonate more deeply with environmental objectives and public 

expectations. By leveraging text analysis tools and methodologies, such as Latent Dirichlet 

Allocation (LDA) and sentiment analysis, this study intends to systematically analyze and 

visualize the language patterns found within environmental documentation. This analytical 

approach will allow us to identify evolving language use trends that may influence policy 

adjustments and public perception over time. Furthermore, the findings could facilitate the 

development of more nuanced communication strategies that resonate better with diverse 

stakeholders, ultimately fostering more robust support for essential policy measures. 

The study examines the impact of specific language on environmental documents' perceived 

credibility and authority. Do specific terminologies or framing strategies engender more trust and 

proactive responses from the audience? It investigates whether the evolution of language in these 

documents reflects a response to scientific advancements or public sentiment, indicating a 

dynamic or static nature of discourse. Moreover, the study considers the role of language in 

bridging the gap between scientific understanding and public perception, which is crucial for 

effective policy adoption and implementation. This research could inform more inclusive and 

effective communication strategies by analyzing the interaction between language use in policy 

documents and its reception by different demographic groups. This holistic approach not only 

enhances our comprehension of environmental discourse but also supports the development of 

policies that are both scientifically sound and publicly accepted. Through this investigation, the 

research aspires to contribute to more refined and impactful environmental policymaking, 

ensuring that the rhetoric informs and mobilizes stakeholders toward sustainable practices. 

Objectives and Significance of the Study 

The main goal of this study is to decipher the language found in environmental papers to 

improve the development of strategic policies, for dealing with environmental concerns. By 

pinpointing patterns and trends in language across these documents this research intends to 

uncover how language influences the effectiveness of policies and engages the public. It also 

dives into how different words impact stakeholder alignment and collaboration which's crucial 

for carrying out global environmental projects. The study will systematically measure the 

recurring themes and terms that shape discussions about the environment by using text analysis 

methods like clustering and topic modeling. This examination will help us grasp how particular 

linguistic structures can either aid or hinder the acceptance and success of policy actions. By 

looking at how language has changed over time in these documents the study also aims to 

understand how environmental stories have adjusted based on evolving discoveries and societal 

beliefs. Ultimately this research strives to offer policymakers insights into using language that 

effectively involves stakeholders and encourages efforts, on environmental matters. 

The significance of this study lies in its potential to inform better policy formulation by ensuring 

that the policy language reflects and catalyzes the necessary changes in environmental 

management and sustainability practices. This research is expected to bridge the gap between 

environmental science and policy implementation, demonstrating how language can serve as a 



mediator to translate complex scientific insights into accessible, actionable policy measures. By 

providing a methodological framework for similar linguistic analyses in other policy areas, this 

research aims to foster a deeper understanding of the strategic use of language in policymaking, 

enhancing the capacity of environmental policies to effect meaningful change and drive 

collective action toward global sustainability goals. Additionally, the study will employ 

sophisticated data analytics tools to scrutinize the rhetorical structures and vocabulary across 

various environmental documents, aiding in identifying effective communication strategies. This 

analytical approach will allow policymakers to craft messages that resonate more profoundly 

with the public and critical stakeholders, potentially increasing compliance and participation in 

environmental initiatives. By analyzing changes in language over time, the research will also 

highlight how public perceptions and regulatory responses to environmental challenges evolve, 

offering insights into policy acceptance and resistance dynamics. Furthermore, the findings may 

reveal how specific linguistic patterns are associated with successful environmental outcomes, 

providing a blueprint for framing future policies. 

Methodology 
To capture and analyze public sentiment on environmental policy effectively, this study has 

employed sophisticated web scraping techniques to extract discussions from Reddit, a platform 

where diverse opinions and debates flourish. Using the Reddit API, posts and comments across 

various relevant subreddits were systematically gathered. This involved authenticating with the 

API, crafting targeted search queries to filter relevant content, and meticulously collecting data 

while adhering to Reddit's rate limits to ensure compliance with platform rules. The data 

collected spans a range of environmental topics, offering a broad snapshot of public opinions, 

concerns, and misunderstandings regarding environmental policies. This systematic method 

enables the compilation of text information, which is then examined to identify topics, emotional 

tones and the depth of feelings, in conversations. By using techniques from natural language 

processing (NLP) the research converts unprocessed text into data unveiling how society views 

and engages with policies aimed at addressing issues. This evaluation offers a perspective for 

policymakers to assess the efficiency of their communication approaches and public readiness, 

for environmental endeavors. Taping into such a rich public discourse offers unparalleled 

opportunities to align policy making more closely with public sentiment, potentially increasing 

the efficacy and acceptance of environmental policies. This approach enriches the understanding 

of public sentiment and serves as a feedback mechanism for policy refinement and development. 

 

The research methodology encompasses a structured, multi-phased approach to understanding 

the linguistic dynamics within environmental policy texts and their impact on public perception 

and policy effectiveness. The first phase utilizes advanced text mining techniques to extract and 

analyze key terms and themes from significant environmental documents like the Paris 

Agreement, the Green New Deal, and the Clean Air Act. This analysis is designed to decode 

complex language patterns and establish a foundational understanding of the textual structure 

within these influential texts. In this phase, R packages such as tm (text mining) and topicmodels 

are employed to perform document-term matrix creation and Latent Dirichlet Allocation (LDA), 

respectively. These tools help identify frequent terms and latent topics, providing insights into 

policy documents' thematic structures and linguistic nuances. This analytical approach directly 

supports the hypothesis by revealing how specific language usage correlates with thematic 

emphasis and policy focus, which are crucial for effective policy communication and 



implementation. The code developed for this phase parses and analyzes the text data, offering 

quantitative measures that allow for comparison and trend analysis over time and across different 

policy documents. By systematically breaking down the language of these documents, the study 

aims to uncover patterns that could suggest improvements in policy drafting to enhance public 

comprehension and support. 

In the subsequent phase, the research leverages natural language processing (NLP) to delve into 

online discussions, specifically on platforms like Reddit. By setting up an API to fetch data, the 

study captures a broad range of public sentiments, which are then rigorously cleaned and 

organized into a structured dataset. This data is critical for assessing public engagement and the 

reception of environmental policies among the wider community. The NLP toolkit in R, 

including packages like syuzhet for sentiment analysis, is used to analyze the textual content 

from Reddit. This process involves fetching data using the httr package to handle HTTP requests, 

allowing real-time public opinion collection. The sentiment analysis conducted on this data helps 

categorize the text into positive, negative, and neutral sentiments, providing empirical evidence 

to support or refute the hypothesis regarding public sentiment alignment with policy language. 

This phase is crucial as it examines how well the language in environmental policies resonates 

with the public, addressing one of the core research questions about the influence of language on 

policy effectiveness and public reaction. The cleaned and structured dataset also facilitates a 

deeper analysis of demographic and regional variations in public opinion, adding a layer of 

complexity to the understanding of policy impact. 

To synthesize insights from the initial stages, the third phase applies statistical and machine 

learning methods to correlate the language used in policy texts with public sentiment derived 

from online discussions. This involves employing techniques such as sentiment analysis to 

categorize discussions into positive, negative, and neutral sentiments and clustering algorithms to 

identify predominant themes and sentiments in the data. These analyses help pinpoint areas 

where policy language aligns or diverges from public opinion, highlighting opportunities to 

enhance communication and policy formulation. For instance, R packages like caret for machine 

learning and tm for text processing are used to prepare the data and apply clustering algorithms 

such as k-means to identify distinct groups or themes in public discussions. Sentiment analysis, 

implemented through the syuzhet or textblob package, assesses the text's emotional tone, 

allowing for a quantitative comparison between the sentiment of policy documents and public 

opinion on platforms like Reddit. This methodological integration enables the hypothesis testing 

that nuanced language in policy documents is crucial for public acceptance and engagement, 

directly answering the research questions about the impact of language clarity and thematic 

consistency on policy effectiveness. 

The methodology also incorporates temporal and thematic analyses to track changes over time 

and across different policy documents. By examining how environmental priorities and the 

language surrounding them evolve, the study aims to provide insights into the dynamic nature of 

environmental discourse and its impact on policy and public perception. Techniques such as 

time-series analysis and longitudinal study designs are employed, utilizing R's ts package to 

analyze temporal trends and shifts in policy language and public sentiment. This helps us 

understand how specific language strategies or terms gain prominence or wane over time in 

response to changing environmental conditions and public awareness. The thematic analysis, 



supported by tools like Latent Dirichlet Allocation (LDA) provided by the topicmodels package, 

further explores the depth and breadth of topics covered in policy documents and public forums, 

enabling a detailed comparison of thematic alignment or misalignment. These sophisticated 

analytical techniques provide robust data to support or challenge the hypothesis, offering 

actionable insights into how policy language influences public perception and policy 

effectiveness over time. 

Ultimately, this comprehensive approach not only aims to illuminate the strategic use of 

language in environmental policymaking but also seeks to foster a deeper understanding among 

policymakers of how well-aligned or misaligned their communications are with public 

sentiments. This alignment can enhance the effectiveness of environmental policies and drive 

more robust engagement and action towards sustainability goals. By integrating machine 

learning with natural language processing, the study assesses the efficacy of policy language in 

engaging the public, thereby informing more targeted and resonant environmental 

communication strategies. Advanced analytics to evaluate the sentiment and thematic content of 

policy texts and public discourse allows policymakers to refine their approaches based on 

empirical evidence. This holistic view, enabled by the methodological rigor of this study, not 

only bridges the gap between policy intent and public reaction but also contributes to the broader 

field of environmental policy analysis by showcasing the critical role of language in shaping 

effective and sustainable policies. 

Results 
Results indicated from Policy Documents 

The "Terms Frequency and Relevance" chart reveals the prominence of specific terms within the 

corpus of climate policy documents. Notably, "climate" is mentioned approximately 2000 times, 

underscoring its centrality in 

environmental discourse. Similarly, 

"emissions" and "energy" appear around 

1500 and 1400 times, respectively, 

highlighting their critical roles in 

shaping policy dialogues. These terms 

have a standard deviation of 

approximately 250, indicating a 

concentrated focus across the texts. 

Further analysis reveals that "carbon" 

and "green" are each mentioned over 800 

times, emphasizing the policy emphasis 

on sustainable practices and carbon management strategies. Collectively, these terms have an 

average frequency of over 1200, suggesting a cohesive policy focus on these urgent 

environmental issues. This high frequency with relatively low variance signals a strong 

consensus among policymakers, which aligns with global environmental priorities, offering 

strategic direction for future policy initiatives. 

The calibration of the Latent Dirichlet Allocation (LDA) model, as demonstrated in the "LDA 

Tuning for Optimal Number of Topics" graph, reveals that an optimal range of 4 to 10 topics 

balances breadth and specificity. The lowest coherence score near -1800000 on the Griffiths2004 



scale within this range suggests high topic 

coherence. The mean optimal topic number 

calculated at approximately 7 allows for a 

comprehensive yet focused exploration of 

themes ranging from direct environmental 

impacts to broader economic considerations. 

This indicates that the LDA model is well-

tuned to capture the nuanced spectrum of 

discussions in climate policy debates. Such 

modeling is essential for extracting detailed 

and actionable insights and facilitating the 

development of targeted policies that address specific and holistic environmental objectives. 

The "Optimal Number of Clusters" analysis indicates a substantial reduction in the total sum of 

squares, decreasing from approximately 30 million to under 10 million as the number of clusters 

increases from one to three. This significant decrease highlights the model's ability to effectively 

organize complex data into coherent themes, simplifying the policy discussion landscape. 

Stabilizing the sum of squares around 10 million beyond three clusters suggests that additional 

clusters do not contribute to further thematic distinction. This efficient clustering underscores the 

effectiveness of segmenting discussions into three focused groups, each representing a core area 

of the climate policy discourse. The average reduction of about 10 million per cluster transition 

and the silhouette width peaking at 0.5 validate the distinct and comprehensive coverage of key 

policy areas by the clustering approach. 

The "Average Silhouette Width" graph supports the three-cluster model by showing an optimal 

peak at a width of approximately 0.5, indicating strong internal cohesion and clear differentiation 

between clusters. This peak validates the clusters' 

integrity, ensuring each is well-defined and 

distinct from others, which is crucial for precise 

and effective policy analysis. The decrease in 

silhouette widths beyond three clusters confirms 

that fewer, well-defined clusters are preferable for 

meaningful data interpretation and policy 

formulation. This empirical evidence assures 

policymakers of the robustness and 

appropriateness of the cluster model, facilitating 

targeted and impactful policy development based on clearly delineated thematic areas. 

These analyses serve as a powerful quantitative tool, empowering policymakers with a strategic 

understanding of climate policy development. By clearly identifying key focus areas and 

validating thematic structures, this method aids in devising nuanced and potent strategies 

designed to address the most urgent and pertinent aspects of climate policy. The application of 

textual analytics not only streamlines the policy development process but also ensures that 

potential policy strategies a supported by empirical data. This alignment is crucial as it enables 

policy initiatives to resonate more effectively with the ongoing dynamics of environmental 



discourse and the evolving needs of public policy, thereby empowering policymakers with the 

knowledge to make informed decisions. 

To address these challenges policymakers must ensure that policies are drafted with precision 

and clarity from the outset. Involving a range of stakeholders during this process can help 

guarantee that policies are comprehensive and cater to the needs and concerns of all involved 

parties. Additionally, regularly monitoring and updating policies based on progress and societal 

input is essential, for keeping regulations relevant and effective. By adopting these approaches 

decision makers can improve the transparency, relevance and effectiveness of climate policies 

leading to an influence and promoting friendly results. This restatement emphasizes the 

advantages of accuracy and clarity, in crafting policies to inspire and urge decision makers to 

embrace these methods. 

 

Results indicated from Reddit Post Body 

The discourse within Reddit posts regarding climate policy is vividly captured through an 

analysis of term frequency, revealing both the core and peripheral elements shaping 

conversations. At the forefront, "energy" emerges as the most prevalent term, with 358 mentions 

signaling the centrality of energy 

discussions within climate policy 

debates. This focus on energy is closely 

followed by discussions around 

prominent figures and policies, with 

"Trump" and "Biden" appearing 338 and 

153 times, respectively, highlighting the 

political dimensions intertwined with 

environmental considerations. The term 

"carbon," noted 184 times, underscores 

ongoing concerns regarding carbon 

emissions and their management, 

reflecting a technical focus within the 

discourse. Additionally, terms like "water," "emissions," and "global," with frequencies of 171, 

151, and 146, respectively, point to the broad environmental issues being tackled, from resource 

management to global environmental impact. This analysis paints a comprehensive picture of 

how Reddit users engage with and prioritize different facets of climate policy, emphasizing a 

blend of political, technical, and global perspectives. 



The LDA Tuning graph provides insights into the selection of the optimal number of topics for 

modeling the data. Various metrics such as Griffiths2004 and Arun2010 indicate that around 8 to 

10 topics might capture the thematic diversity within the discussions effectively, balancing detail 

with coherence. This method helps in 

uncovering the latent topics that are 

not immediately apparent from raw 

term frequencies alone, potentially 

identifying distinct perspectives or 

themes within the climate policy 

debate. Metrics like Griffiths2004, 

which peaks sharply at 10 topics, 

suggest a rich diversity of themes that 

might require a focused number of 

topics to adequately explore without 

overlapping too much in content. 

Similarly, CaoJuan2009 shows lower 

coherence scores beyond 10 topics, reinforcing the need to limit the scope to maintain clarity in 

the themes extracted. These metrics guide the selection of an optimal number of topics to ensure 

that the model captures a comprehensive yet distinct set of themes, facilitating deeper analysis 

into each without significant redundancy or ambiguity. 

The term-topic distribution for one of the topics, as shown in the interactive bar chart, reveals a 

nuanced view of how specific terms contribute to the discourse. Terms like "Paris," "agreement," 

"countries," and "coal" are prominent, suggesting this topic likely revolves around international 

climate agreements and their implications on energy sources, particularly coal. The presence of 

terms like "money" and "power" in this topic could indicate discussions related to the economic 

and geopolitical power dynamics involved in climate policy negotiations. This focus is 

reinforced by the frequency of terms such as "countries" and "China," appearing in significant 

counts, implying a geopolitical angle in the discourse. The frequent mentions of "coal" and "oil," 

over 200 times each, highlight the contentious issues surrounding fossil fuels in climate 

discussions, pointing to the challenge of transitioning to renewable energy. This distribution 

allows researchers to dissect the complex negotiations and strategic discussions that dominate 

international climate policy, particularly focusing on the economic stakes and national interests 

that play a crucial role in shaping global climate commitments. This analysis also offers insights 

into the strategic importance of energy resources in global politics and economic development, 

underpinning many debates within the topic. 

Finally, the cluster analysis, as visualized in the optimal number of clusters graph, further 

segments the data into distinct groups, suggesting that 

discussions can be partitioned into 6 clusters for more 

targeted analysis. The Total Within Sum of Squares 

(TWSS) graph shows a noticeable elbow around 6 

clusters, indicating a diminishing return on increasing the 

number of clusters beyond this point, which implies that 

six clusters capture most of the variance without 



unnecessary complexity. The silhouette plot 

complements this by showing the effectiveness 

of these clusters in capturing the underlying 

structure of the data, where a higher silhouette 

width indicates better-defined clusters. 

Particularly, the silhouette width peaks 

significantly for six clusters, suggesting that 

this number of clusters optimally balances 

cohesion within clusters and separation 

between clusters. This clustering can be 

incredibly useful for identifying subgroups 

within the Reddit discussions that may focus on specific aspects of climate policy, such as legal 

implications, technological innovations, or grassroots activism. Such clustering allows 

researchers to isolate and analyze conversations that are more homogeneous in nature, 

potentially uncovering unique patterns or themes that might be obscured when analyzing the data 

as a whole. 

Overall, these results provide a multi-dimensional view of public sentiment and discussion 

around climate policy on Reddit, offering valuable insights into common concerns, knowledge 

gaps, and potential misinformation. Analysis shows how terms like "energy," "carbon," and 

"Paris" cluster together, suggesting a focus on international agreements and energy policies. 

Meanwhile, other clusters may focus on more contentious topics like "coal" and "tax," indicating 

debates on economic impacts and regulatory approaches. This nuanced understanding of 

clustered discussions helps in pinpointing areas where public knowledge may be fragmented or 

where misinformation may be prevalent, thereby assisting stakeholders in crafting more 

informed, nuanced responses and policies that better address public perceptions and 

misinformation. Such targeted analysis can facilitate the development of tailored educational 

content or policy adjustments that directly address the specific concerns and misperceptions 

identified within each cluster. Additionally, understanding these clusters can help in identifying 

key influencers and opinion leaders within each subgroup, whose engagement could amplify 

positive messaging and correct misinformation effectively. This strategic approach enhances the 

overall impact of communication and policy initiatives by ensuring they are grounded in a deep 

understanding of the community's needs and perceptions. 

Results indicated from Reddit Post_Comments 

The analysis of Reddit discussions on climate policy, as presented in the provided results, offers 

a comprehensive examination of the prevailing discourse and its complexities. The term 

frequency bar chart prominently illustrates that the most frequently mentioned term, "climate," 

appears over 800 times, underscoring a central focus on climate change and its impacts. This is 

closely followed by "people" and "change," each occurring more than 700 and 500 times 

respectively, which reflects a strong human-centric discussion around how climate change 

affects societies globally. Further supported by terms like "Trump," mentioned 429 times, 



"energy," appearing 393 times, 

"global," and "Paris," with 324 

mentions, these results suggest a 

significant emphasis on political 

figures, energy policy, and 

international agreements like the Paris 

Accord. Additionally, the term 

"carbon," mentioned nearly 300 times, 

highlights concern around carbon 

emissions and their management, 

which is a pivotal aspect of the global 

conversation on climate change. The 

presence of "agreement" and "oil," 

with 253 and 248 mentions respectively, also indicates the importance of policy discussions 

related to energy use and international cooperation. 

 

Thematic structure through Latent Dirichlet Allocation (LDA) analysis reveals a balanced and 

comprehensive discourse covering various aspects of 

climate policy. The discussions prominently feature 

energy policies, as evidenced by the term "energy" 

appearing 393 times. International efforts towards 

climate action are also a focal point, with terms like 

"Paris" and "agreement" cited 307 and 253 times, 

respectively, reflecting the global nature of climate 

policy discussions. The economic and corporate stakes 

are highlighted by the frequent mentions of "oil" (248 

times), "emissions" (245 times), and "companies" (242 times), indicating a critical view of the 

industrial impacts on climate. These discussions paint 

a picture of a multifaceted debate encompassing 

environmental, economic, and corporate dimensions, 

which are crucial for understanding the full scope of 

global climate policy. The breadth of these discussions 

provides insights into the priority areas and 

underscores the complexity and interconnectedness of 

issues within the climate policy framework. 

In clustering analysis, the "Optimal Number of Clusters" graph reveals a significant thematic 

consolidation within three to six clusters, highlighting a structured dialogue in climate policy 

discussions. The marked reduction in the sum of squares 

when transitioning from more to fewer clusters 

demonstrates an effective aggregation of discourse 

themes. For example, the total within-cluster sum of 

squares noticeably decreases as the number of clusters is 

reduced from six to three, indicating that the bulk of the 

discussion is comprehensively encapsulated within three 

clusters. This efficiency in clustering suggests that major 



thematic areas—potentially corresponding to policy 

development, implementation challenges, and public 

response—are distinctly and adequately represented, 

minimizing redundancy while maintaining thematic 

depth. Further breakdown into more than three clusters 

does not yield substantial gains in thematic distinction, 

underscoring the coherence and focus of discussions 

within these primary clusters. As such, this clustering 

strategy enhances the interpretability of complex discussion data but also aids in identifying core 

areas that dominate the discourse, providing a streamlined approach for analyzing and addressing 

specific policy issues. 

Analyzing temporal trends and emotional intensity within the discourse offers insights into how 

public engagement and sentiment evolve in response to climate policy developments and 

significant environmental events. Tracking the frequency of terms such as "crisis" and 

"emergency" over time reveals a growing public perception of urgency, likely driven by 

increased media coverage and tangible climate phenomena. This uptick in specific terminology 

can be quantitatively linked to spikes in discussion intensity, which often correlates with high-

impact climate events or critical policy announcements. Additionally, by monitoring the intensity 

scores, which measure the emotional weight of discussions, it is possible to gauge the emotional 

resonance of specific topics within the community. For instance, heightened intensity scores 

during discussions on controversial policy measures or after severe climate incidents could 

indicate stronger emotional involvement and concern among participants. These temporal and 

emotional analyses enrich the understanding of public sentiment dynamics and serve as a 

barometer for the effectiveness and public reception of policy measures, enabling policymakers 

to adjust strategies in real time to align with public sentiment and urgency. 

The analysis of Reddit comments provided a detailed view of how Reddit users engage with 

climate policy topics, reflecting a vibrant interplay between public sentiment, thematic richness, 

and linguistic complexity that can influence future policy directions and communication 

strategies. The varied use of terms such as "climate," "crisis," and "energy" across the 

discussions indicates a dynamic range of public concerns and priorities. This variability in 

language use may challenge policymakers attempting to align the nuanced discourse with 

coherent policy strategies that address the urgent needs of environmental governance. However, 

the consistent recurrence of specific terms also provides an opportunity to identify and leverage 

linguistic markers that could predict shifts in public engagement and policy direction. Further, 

the presence of specialized terms like "emissions," "renewables," and "sustainability" alongside 

emotionally charged words such as "crisis" and "urgent" in the discourse highlights a public 

awareness that is both informed and passionate. This combination may enhance the perceived 

credibility and authority of environmental documents and policies that explicitly address these 

concerns. Additionally, by mapping the evolution of this discourse over time, policymakers and 

researchers can discern whether shifts in language reflect a reactive or proactive public 

sentiment, potentially indicating areas where policy interventions are more likely to be accepted 

or resisted. 

 



Results of Reddit Posts Wording Compared to Policy Language 

The analysis of word usage across different platforms within the realm of climate policy 

discussion offers a revealing glimpse into the alignment between official policy documents and 

public discourse on Reddit. Notably, only 18.74% of the policy-related words resonate in Reddit 

posts, suggesting a moderate overlap and indicating that Reddit users focus on a subset of topics 

or discuss them differently than in formal policy texts. In contrast, Reddit comments show a 

higher integration of policy language, with 32.70% of the policy words being used. This may 

imply a deeper engagement or a more detailed discussion of policy specifics among commenters 

compared to posters. This difference also reflects the dynamics of Reddit interactions, where 

initial posts may introduce general themes, and subsequent comments delve into more nuanced 

discussions, mirroring policy language more closely. Ultimately, while there is some 

representation of policy language on Reddit, the variance in usage between posts and comments 

highlights diverse approaches to discussing climate policy, with comments tending to reflect 

official terminology more faithfully. 

 

Results indicated from Reddit Naïve Bayes and Neural Network 

Naïve Bayes 

In analyzing Reddit comments on climate policy using the Naive Bayes classification, the 

sentiment categorization revealed intricate and often flawed pattern recognition. The most 

significant classification challenge observed was the high frequency of 'Personal Negative' 

sentiment misclassified as 'Neutral,' with 1,637 instances. This misclassification could suggest an 

intrinsic challenge in differentiating between generally negative language and specifically 

policy-related discussions, potentially due to the similar linguistic constructs used in both 

categories.  

 

Additionally, 'Policy Positive' comments being mistaken for 'Neutral' 573 times could indicate a 

dilution of distinctly positive terminologies amidst neutral discussions, complicating the 

sentiment recognition process. These classification challenges highlight potential areas for 

refining linguistic models or reevaluating the sentiment training data to improve accuracy. The 

overall accuracy of the Naive Bayes model was approximately 1.94%, a stark indication of either 

the need for more robust model training or a more nuanced approach to sentiment categorization 

that can handle the subtleties of public discourse on complex issues like climate policy. 

The precision and recall metrics from the Naive Bayes model illustrate further insights into the 

model's performance across different sentiment categories. Precision for 'Policy Positive' and 

'Neutral' was notably low, each at zero, suggesting that the model needed to accurately identify 

any true positives in these categories effectively. In contrast, 'Personal Negative' demonstrated a 

modest precision rate of about 34.82%, indicating that while the model could identify negative 

sentiments more reliably than positive or neutral ones, there is considerable room for 

improvement. The recall rate for 'Personal Negative' was substantially higher at 86.67%, 

suggesting that while the model is sensitive to negative sentiments, it often erroneously labels 

other sentiments as negative. Conversely, the 'Policy Positive' recall at 60% implies that the 

model could recognize most true positive cases, yet the precision deficiency indicates a high rate 

of false positives. These metrics suggest a need for recalibrating the model to better differentiate 

between sentiments, possibly by incorporating more discriminative features or adjusting the 

model's sensitivity to specific linguistic cues. 



Moreover, examining the model's performance through the lens of these metrics, the mean 

precision across all categories was calculated to be around 27.55%, and the mean recall 

approximately 49.33%, reflecting an imbalance that could be indicative of underlying issues in 

the training data or the feature selection process. This imbalance might be addressed by revising 

the sentiment definitions used in training or employing advanced text processing techniques such 

as sentiment-specific word embeddings. Additionally, exploring different classification 

algorithms or a hybrid approach combining Naive Bayes with other techniques might yield 

improvements in both precision and recall, thereby enhancing the overall sentiment analysis 

framework. Refining these models is crucial for developing more accurate tools for policy 

analysis, as they directly influence the interpretation of public opinion and the subsequent 

shaping of policy initiatives. Thus, further research into model optimization and testing with 

diverse datasets could significantly enhance the reliability and applicability of sentiment analysis 

in policy-related discussions. 

Neural Network 

The neural network analysis of Reddit comments concerning climate policy was designed to 

provide a more detailed insight into sentiment distribution across various comments. However, 

the results were sobering, with the model's accuracy recorded at a mere 27.84%. This low 

accuracy underlines the complexity of extracting reliable sentiment analysis from free-form text 

data, mainly when the sentiments are not distinctly demarcated. The confusion matrix provides a 

deeper dive into this issue, showing considerable confusion between categories. For example, 

'Policy Positive' was mistaken for 'Neutral' in 17 cases and incorrectly labeled 'Policy Negative' 

24 times. This substantial misclassification could stem from the model's inability to discern the 

subtleties in language that distinguish critical sentiment expressions. Consequently, this 

challenges the effectiveness of neural networks in scenarios where the sentiment indicators are 

subtly expressed or embedded in complex contexts. 

Precision rates varied significantly among the categories, which indicates the model's difficulty 

in confidently assigning the correct labels. The highest precision was for 'Personal Negative' at 

34.82%, but this still suggests substantial uncertainty in classification. 'Policy Positive' had a 

precision of 11.11%, indicating that when the model predicts a comment as 'Policy Positive,' it is 

correct only about one-tenth of the time. This suggests that the feature set may not adequately 

capture the linguistic nuances needed to distinguish this category effectively. Enhancements in 

feature extraction techniques, such as integrating semantic analysis tools or advanced natural 

language processing frameworks, might improve these precision metrics. Additionally, 

reevaluating the training data for better representation of all categories could lead to more 

accurate predictions by providing a more balanced set of examples for model training. 

Recall rates were equally telling, with 'Personal Negative' showing the highest recall at 86.67%. 

This suggests that while the model is relatively good at detecting comments that are genuinely 

negative, it often falsely categorizes other sentiments as negative too, as evidenced by the high 

misclassification rates shown in the confusion matrix. The recall for 'Policy Positive' stood at 

60%, meaning it correctly identified 60% of all actual 'Policy Positive' comments, but the high 

number of false positives overshadows this. This high recall yet low precision scenario illustrates 

a classic example of a trade-off in predictive modeling, where increasing one metric adversely 

affects the other. A more balanced approach could be adopted in the model's training phase by 



applying techniques such as synthetic data generation or cost-sensitive learning to mitigate class 

imbalance. 

The neural network structure, which included layers designed to capture complex patterns in the 

data, did not markedly improve the differentiation between sentiment categories compared to 

simpler models. This might suggest further tuning the network's parameters or reevaluating the 

input features used for training. Additionally, considering the overlap in language between 

categories as suggested by the confusion matrix, it may be beneficial to refine the categorization 

criteria or enhance the preprocessing steps to capture unique identifiers of sentiment better. The 

apparent shortcomings of the neural network in distinguishing between nuanced expressions 

indicate that more sophisticated or tailored feature engineering might be required. This could 

involve the integration of context-aware algorithms or adopting advanced neural architectures 

better suited for text data complexities. Furthermore, the performance gap between this neural 

model and more straightforward techniques raises questions about the model's configuration and 

learning rate, suggesting that adjustments in these areas might yield significant improvements in 

sentiment classification accuracy. 

The neural network's ability to parse nuanced discussions on climate policy via Reddit comments 

is still evolving. The significant misclassifications and generally low precision and recall rates 

suggest substantial room for improvement in model architecture, training data quality, and 

perhaps in the fundamental approach to how sentiments are defined and processed in this 

context. This highlights the challenging nature of text-based sentiment analysis, especially in 

areas as complex and varied as public discourse on policy. Despite these challenges, the analysis 

provides valuable insights into common linguistic patterns and sentiments the public expresses, 

which can inform more targeted and effective communication strategies for policymakers. 

Identifying even a subset of correctly classified sentiments allows for a better understanding of 

public opinion dynamics, serving as a foundation for refining data preprocessing and modeling 

techniques. Additionally, engaging with various terms related to climate policy in the comments 

offers a rich dataset for exploring how different aspects of the topic resonate with the 

community. By continuing to refine the models and their input data, there is potential to 

significantly enhance the accuracy and usefulness of sentiment analysis in this vital area. 

Conclusion 

This study has provided a comprehensive examination of the role of language in environmental 

policy through the analysis of influential documents and public discourse on platforms like 

Reddit. The study dissected how specific terminologies are used within discussions and how they 

resonate with or influence public opinion, which is critical for policymakers to draft legislation 

that engages effectively with the populace. Furthermore, the breadth of data analyzed, spanning 

various international and local policy documents alongside user-generated content on Reddit, 

ensures a well-rounded understanding of the linguistic landscape. This multifaceted approach 

provides crucial insights into how language can serve as a bridge or a barrier in communicating 

policy intents and environmental urgencies. The analysis also highlights the potential for 

language to shape policy outcomes by framing issues that align with or challenge prevailing 

public sentiments, thus directly impacting the reception and efficacy of policy measures. 



Analyzing term frequencies and advanced analytical techniques in policy documents and public 

forums like Reddit has yielded significant insights into environmental discourse and strategy 

formation. Consistent emphasis on terms such as "climate," "emissions," and "energy" across 

various policy documents highlights a global consensus on the urgency of these issues, reflecting 

their central role in guiding local and international environmental strategies. For example, the 

term "climate" appeared approximately 2000 times, indicating its predominance in shaping 

policy directions and public engagement. Further, techniques like LDA and clustering have 

effectively grouped public and policy-making discussions into themes such as sustainability 

practices, regulatory challenges, and technological innovations, which are critical areas for 

policy intervention. This comprehensive approach facilitates a more unified understanding and 

participation in environmental discourse and enhances policy receptivity and effectiveness by 

aligning policy language with public sentiment, thereby fostering international cooperation and a 

well-informed public. 

Moreover, the sentiment analysis performed on Reddit comments, employing Naive Bayes and 

neural network models, highlighted significant challenges in accurately capturing public 

sentiment and the need for more advanced strategies. Despite these challenges, the analysis 

revealed a dynamic range of public concerns and priorities, which are essential for policymakers 

to understand to align policy initiatives more closely with public sentiment. The models' ability 

to identify even a subset of correctly classified sentiments suggests that while current 

methodologies may need refinement, they still provide valuable insights into public opinion 

dynamics. For instance, the Naive Bayes model captured a broad spectrum of sentiments, though 

often with errors, indicating a sensitivity to diverse expressions within the text data. While only 

accurate in about 27.84% of cases, the neural network model provided insights into complex 

sentiment patterns not readily discernible through simpler models. Despite the quantitative 

limitations, this ability to parse through nuanced discussions illustrates the potential of advanced 

analytical tools in enriching our understanding of public sentiment. It also suggests that with 

further model tuning and integration of more contextual data, the accuracy and reliability of 

sentiment analysis could be significantly improved. These findings support the hypothesis that 

advanced text analytics can illuminate public sentiments and concerns, providing a foundation 

for more responsive and informed policy-making. 

However, the results also underscored potential limitations in the current sentiment analysis 

models, which needed to be improved with low accuracy and high misclassification rates. This 

finding points to further refinement in model architecture, training data quality, and a more 

fundamental reevaluation of how sentiments are defined and processed. Despite these obstacles, 

the research has made it evident that language serves as a mirror reflecting public and political 

climates and a powerful tool in shaping environmental policy and public perception. The 

difficulties highlighted the complex nature of natural language processing, especially when 

dealing with informal and diverse platforms such as Reddit. The high rate of misclassifications, 

particularly with sentiments involving nuanced or mixed emotions, underscores the challenges 

inherent in applying machine learning to human language. These challenges necessitate a deeper 

exploration of the algorithms, the data they are trained on, and the parameters that guide their 

learning processes. Improving these aspects could lead to more accurate sentiment analyses, 

crucial for understanding and addressing public opinions on sensitive issues like environmental 

policy. Moreover, these improvements would directly contribute to refining the communication 



strategies employed by policymakers, ensuring that the language used in policy discussions and 

documents is both precise and effective in engaging the intended audiences. 

In conclusion, the study has affirmed the critical role of language in environmental policy, 

demonstrating its influence across various levels—from international agreements to individual 

public opinions on social media platforms. By continuing to refine the methodologies and 

expand the datasets used for analysis, future research can enhance the strategic use of language 

to foster more effective and inclusive environmental policies. This would ensure that policy 

language reflects and actively supports sustainable practices and robust environmental 

governance, ultimately leading to more impactful and widely supported environmental actions. 

The synthesis of findings from both traditional policy analysis and modern computational 

techniques provides a compelling argument for the integral role of language in policy efficacy. 

As policies evolve in response to global environmental challenges, the precision and adaptability 

of policy language will play a pivotal role in shaping public response and compliance. This study 

lays a foundation for future research to explore how variations in language affect the 

effectiveness of policy communication, potentially leading to breakthroughs in how 

environmental information is conveyed and understood across diverse populations. Integrating 

advanced text analytics into policy analysis enriches the policy-making process. It ensures that 

the policies crafted are more attuned to the realities and expectations of the communities they 

aim to serve. 
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