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27 Abstract

28  Social media discussions about climate change offer valuable insights into how the public views
29 climate issues and their willingness to engage in personal climate actions. Understanding
30 individual climate actions is crucial because households are responsible for more than 70% of
31 global carbon emissions, and lifestyle changes alone can reduce carbon emissions by
32  approximately 15%. This research examines 17926 textual entries from two Canadian subreddits
33  (r/ClimateCrisisCanada, r/AskACanadian) from January 2023 to December 2024 to identify
34  individual activities and behaviours associated with greenhouse gas (GHG) emissions discussed
35 in Canadian climate discourse, addressing this gap in understanding authentic climate behavior
36  priorities. We employed BER Topic (Bidirectional Encoder Representations from Transformers for
37  topic modelling) in three configurations: baseline class-based Term Frequency-Inverse Document
38  Frequency (c-TF-IDF), Maximal Marginal Relevance (MMR) diversity optimization, and
39 KeyBERT semantic enhancement. This multi-configuration approach was essential because
40 individual climate behaviors are discussed using diverse terminology and overlapping contexts,
41  requiring different analytical lenses to capture the full spectrum of behavioral discussions without
42  missing nuanced distinctions. Thematic analysis revealed that Canadians predominantly discuss
43  four key behavioural domains in climate discourse: energy management (representing the largest
44  category with 3-6 topics depending on model configuration), transportation choices (consistently
45 2 topics across all models), dietary decisions (2-3 topics), and consumption patterns (1 topic
46  focused primarily on waste management and recycling). Energy discussions proved most diverse,
47  encompassing residential heating solutions, renewable energy adoption, and nuclear power
48  preferences, whilst transportation maintained remarkable consistency across models with distinct
49  themes of sustainable mobility options and vehicle technology transitions. The comparative
50 modelling approach demonstrated that different BER Topic configurations capture complementary
51  aspects of climate behaviour discourse, with KeyBERT's semantic enhancement providing the
52  most detailed categorization of technical solutions. These findings provide empirical evidence for
53  understanding Canadian individual climate action priorities, offering essential insights for targeted
54  climate policy and communication strategies.

55  Keywords: climate behavior, social media analysis, topic modeling, BERTopic, individual climate
56  action, Canadian climate discourse.
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63 1.Introduction

64  Climate change has become one of the most pressing challenges of the 21st century, driven by
65 environmental disruption that affects ecosystems around the world [1]. With global population
66  growth and the continued expansion of industrial activities, greenhouse gas (GHG) emissions have
67  now reached levels that pose serious threats to ecosystems, economic stability, and human welfare
68  across the globe. Given the severity of this crisis, most countries have now committed to the
69  Sustainable Development Goals (SDGs) and are actively pursuing a range of mitigation strategies
70  to address climate change impacts [1]. Effectively addressing this complex crisis necessitates
71  coordinated action across multiple levels, encompassing not only governmental and industrial
72  initiatives but also individual behavioural changes in everyday life. Research indicates that
73  households are responsible for more than 70% of global carbon emissions, with each person
74  generating roughly 6 tons of carbon dioxide (CO;) equivalent annually [2]. This significant
75  household contribution highlights the critical importance of individual lifestyle choices in
76  combating climate change [3]. Research demonstrates that lifestyle changes can lead to reductions
77  of approximately 15% in CO, emissions [4], with daily choices related to transportation, energy
78  use, food consumption, and waste management directly influencing individual carbon footprints
79  [3].

80  Canada represents a particularly compelling case study for individual climate behaviour research
81  due to its unique position in global climate discourse. The country maintains one of the highest
82  per-capita emissions rates worldwide whilst experiencing rapid climate impacts, including Arctic
83  warming and extreme weather events such as wildfires and flood [5]. Simultaneously, Canada
84  ranks among the world's top five fossil fuel producers while maintaining international climate
85 commitments [6]. Lloyd and Rhodes note that this creates inherent tensions that influence public
86  discussions about climate responsibility, with organized communication efforts shaping how
87  Canadians think about individual versus collective climate action [6]. For instance, Canada is
88  responsible for 1.5% of global emissions, with approximately 18.8% of emissions in 2017 resulting
89  from residential energy use [7]. This context makes understanding Canadian climate discourse
90 particularly important for identifying how citizens navigate the tension between personal
91  responsibility and systemic change.

92 However, there remains a critical knowledge gap regarding what individual climate actions
93 Canadians prioritize in their everyday discussions. People's reactions to climate change vary
94  significantly across countries, influenced by personal experiences, cultural backgrounds, and direct
95  exposure to both climate impacts and social pressures [8]. This makes it essential to examine
96 authentic online conversations, as these reveal the practical behaviours people consider most
97  important for addressing climate change rather than what policies suggest they should prioritize.
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98  While previous research has examined climate change discussions across different social media

99 platforms [9, 10], complementary insights have emerged from large-scale survey research
100 employing open-ended questions to understand public climate preferences. Notably, Tvinnereim
101 et al. [11] conducted extensive cross-national surveys revealing how citizens articulate climate
102  policy priorities when given opportunities for open responses. Similarly, Savin et al. [12]
103  demonstrate through analysis of open survey responses across 13 EU countries that public
104  preferences on climate policies often differ from what structured surveys suggest, revealing more
105 nuanced understandings of individual versus collective climate action [12]. These survey-based
106 findings complement social media analysis by providing broader demographic representation,
107  whilst our Reddit-focused approach captures the authentic, unfiltered discussions that emerge in
108 naturalistic online environments. This study addresses a specific gap by focusing on individual
109 climate actions within Canadian social media conversations, providing insights essential for
110  targeted climate communication and policy strategies. While surveys tell us what climate actions
111 people prioritize when directly asked, social media analysis reveals how these actions are naturally
112  discussed, contextualized, and debated in everyday conversations. Social media platforms have
113  become important resources for examining climate-related behaviours and public responses [13],
114  offering access to spontaneous discussions where individuals voice concerns, share personal
115  experiences, and debate potential climate solutions [14, 15]. Reddit emerges as particularly
116  valuable for capturing Canadian climate discourse for several reasons [9]. First, Reddit's subreddit
117  structure enables the analysis of geographically specific conversations (r/AskACanadian,
118  r/ClimateCrisisCanada) that explicitly focus on Canadian perspectives and experiences. Second,
119  Reddit's discussion format encourages more detailed, substantive conversations compared to
120  character-limited platforms like Twitter, allowing for richer exploration of individual climate
121  behaviours and their contextual factors.

122  Individual climate action encompasses diverse behaviours across multiple domains, each
123  influenced by distinct psychological, social, and structural factors. Hampton and Whitmarsh [3],
124  identified six key domains of individual choice for climate action: food, energy, transport,
125  shopping, influence, and citizenship, emphasizing that effective climate policy requires
126  understanding how individual, social, physical, and political factors combine to shape low-carbon
127  choices in domain-specific ways. Building on this comprehensive framework, the present study
128 examines Canadian climate discussions through topic modelling of individual activities and
129  behaviours spanning these domains. This study addresses the research question: "How do
130 Canadians discuss individual climate actions in authentic online discourse, and what does this
131  reveal about citizen-driven climate behavior priorities?". Our analysis organizes the individual
132  climate behavior topics found through topic modeling into five main areas: transportation, energy,
133  diet, consumption, and lifestyle choices. These five areas are based on established research about
134  individual climate actions, especially Hampton and Whitmarsh's framework [3]. We created
135  specific keyword lists for each area to categorize the topics systematically.
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136  Climate change discussions happen across diverse contexts, from private conversations and social
137 media to scientific journals, news articles, and political debates, demonstrating the issue's
138 pervasive relevance [9]. Text analysis plays a crucial role in helping researchers extract key
139  insights and identify trends from these complex, multi-layered climate conversations [16].
140 However, analyzing large volumes of textual content can be efficiently addressed using artificial
141  intelligence (Al) methods in a more timely and cost-effective approach [17]. Topic modelling is
142  an unsupervised machine learning technique that helps researchers uncover word patterns without
143  requiring predefined labels [18, 19, 20]. However, traditional topic modelling approaches, such as
144  Latent Dirichlet Allocation (LDA), treat documents as bag-of-words and fail to capture the
145  contextual relationships between terms [21]. To address this limitation, we employ Bidirectional
146  Encoder Representations from Transformers for topic modelling (BERTopic), an advanced
147  approach that utilizes contextual embeddings to identify meaningful topics [22, 23]. BERTopic
148 has demonstrated strong performance in revealing hidden themes within unstructured text,
149  especially in fields like climate change, public health and environmental communication where
150  context matters [9, 21, 22]. The method uses pre-trained transformer models to understand how
151  words relate to their surrounding context, making it particularly suitable for social media analysis,
152  where language tends to be informal and highly variable [9]. We utilized topic modelling to
153  uncover latent themes within the large amount of unstructured textual data sourced from social
154  media[18, 19].

155  Individual climate behaviours in social media discourse demonstrate multifaceted characteristics
156  that require different analytical perspectives for comprehensive understanding. Each BERTopic
157  configuration captures distinct aspects of how climate behaviours emerge in discourse,
158 necessitating a comparative approach to ensure comprehensive analysis. We employed three
159 BERTopic configurations to compare how different analytical approaches capture individual
160 climate behaviors, as each method reveals distinct aspects that would be missed by a single
161  approach. First, the baseline class-based Term Frequency-Inverse Document Frequency (c-TF-
162  IDF) configuration captures foundational topic structures by identifying the most distinctive terms
163  within each topic cluster. This approach reveals the core vocabulary and primary themes that
164  characterize different behavioural domains, providing essential baseline understanding of how
165 Canadians articulate individual climate actions [24]. Second, the Maximal Marginal Relevance
166  (MMR) configuration optimizes topic diversity and reduces redundancy by ensuring topics remain
167  distinct whilst maintaining comprehensive coverage. This is particularly crucial for climate
168  Dbehaviour analysis, as individual actions often overlap across domains (e.g., energy efficiency
169 affecting both heating and transportation choices). MMR helps identify nuanced behavioural
170  distinctions that might otherwise be conflated [25]. Third, the KeyBERT semantic enhancement
171  configuration improves topic coherence and semantic meaningfulness by leveraging advanced
172  contextual embeddings [25].
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173 By applying computational text analysis to identify how individual climate actions emerge in
174  Canadian discourse, this research has two key objectives. First, to provide empirical evidence of
175  which individual behavioral domains Canadians discuss in authentic online climate conversations.
176  Second, to compare how different topic modeling approaches capture individual climate behaviors,
177  testing three separate BERTopic configurations to determine which method most effectively
178  identifies behavioral discussions within social media climate discourse.

179  The remainder of this article is structured as follows: Section 2 presents the data description,
180  preprocessing steps, and methodology. Section 3 illustrates the outcomes of experiments
181  conducted to assess topic quality and addresses the research question. Section 4 discusses the final
182  conclusions and future work directions.

183 2. Materials and methods

184  This section describes three BERTopic configurations designed to identify individual climate
185  Dbehaviours in social media discourse. Individual climate behaviours are often discussed using
186  varied terminology and overlapping contexts that can be missed by a single analytical approach,
187  requiring comparative testing to ensure comprehensive behaviour identification.

188  2.1. Data description

189  Reddit is a standalone social media platform and discussion website, containing over 100000 user-
190  created communities called subreddits where users can post content and engage in discussions
191  through comments and are identified by the "r/" prefix, with posts limited to 40000 characters each
192  [26]. We collected data using the Python Reddit API Wrapper (PRAW) from January 2023 to
193  December 2024. Our initial dataset comprised both Reddit posts and comments from two publicly
194  available climate-focused subreddits: "r/ClimateCrisisCanada" and "r/AskACanadian". To ensure
195  our dataset captured genuine climate-related discussions from AskCanadian, we applied keyword
196 filtering using climate-related terms: "climate", "emissions", "global warming", "temperature",
197  "footprint", "fuel", "CO,", and "GHG". Each document included metadata: Reddit Post ID,
198  SubReddit, Created utc, Post title, Score, Num comments, Created date, Created year, and
199  textual content. Reddit users may not be representative of the broader Canadian population, as
200 social media platforms typically attract specific demographic segments. However, Reddit provides
201  valuable access to organic, unfiltered climate discussions within these online communities. We
202  split longer documents into individual sentences to prevent information loss and improve topic
203 assignment accuracy. After removing duplicates and filtering sentences shorter than 10 words, our
204 final dataset contained 17926 sentences for topic modelling analysis. Due to privacy
205 considerations, this study focuses on textual content rather than user demographic information.

206  2.2. Data preprocessing
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207  Given BERTopic's reliance on contextual embeddings from transformer models, our preprocessing
208 approach was designed to preserve the semantic and syntactic information essential for accurate
209  contextual understanding whilst addressing the specific noise characteristics of Reddit content.
210  Unlike traditional topic modelling approaches that benefit from extensive text normalization,
211 transformer-based models like BERT require minimal preprocessing to maintain their contextual
212  reasoning capabilities [9]. Our preprocessing pipeline focused on essential cleaning steps whilst
213  preserving linguistic context. We used Python's Natural Language Toolkit (NLTK) to remove
214 technical artifacts common in social media content, including URLs, email addresses, and
215  excessive whitespace that could interfere with embedding generation. Emojis were retained where
216  they contributed semantic meaning to climate discussions. Critically, we preserved stop words,
217  punctuation patterns, and grammatical structures that provide contextual cues for BERT's attention
218  mechanisms. Text was converted to lowercase for consistency, but lemmatization and aggressive
219  tokenization were avoided to maintain the natural language structure that transformer models
220  leverage for semantic understanding. This minimal preprocessing approach ensures that contextual
221  relationships between words remain intact, allowing BERTopic to capitalize on BERT's ability to
222  understand nuanced meanings, negations, and conditional statements that are particularly
223  important in climate discourse analysis.

224 2.3. BERTopic methodology
225 2.3.1. BERTopic implementation

226  We applied BERTopic [23] in two experimental configurations to examine how different
227  approaches affect topic extraction from climate behaviour discussions. BERTopic combines
228  contextual embeddings with clustering techniques to identify meaningful topics while preserving
229  semantic relationships between terms [22, 23]. Table 1 presents the detailed configuration for each
230  experiment, ensuring reproducibility and fair comparison across methods.

231  Experiment 1 (Baseline): We implemented the standard five-step BERTopic process using class-
232 based Term Frequency-Inverse Document Frequency (c-TF-IDF) without additional
233  representation of refinement. This approach uses " BAAI/bge-small-en-v1.5" for text embedding
234  since it demonstrates strong performance on information retrieval tasks and handles social media
235  text effectively, making it well-suited for analyzing climate discussions from Reddit [27], UMAP
236  for dimensionality reduction, HDBSCAN for clustering, CountVectorizer for tokenization, and c-
237  TF-IDF for topic extraction [9].

238  Experiment 2 (Enhanced Representations): We added a sixth step using two representation
239  techniques: MMR for diversity optimization and KeyBERT for semantic enhancement. MMR
240  sclects diverse keywords to reduce redundancy [25], while KeyBERT leverages BERT
241  embeddings to extract semantically meaningful terms [9].

242 Table 1. Experimental configuration summary for BERTopic model variations
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metric='cosine'

cluster_selection_me

ngram_range=(1,2),

Experiment | Embedding | UMAP HDBSCAN Vectorizer Representati | nr_topics
Model Parameters Parameters on Model
Experiment | BAAI/bge- | n_neighbors=15 min_cluster _size=50 | CountVectorizer None (c-TF- | 120
1(Baseline) | small-en- n_components=5 | min_samples=10 (min_df=2, IDF only)
vl.5 min_dist=0.0 metric="euclidean’ max_df=0.7,
metric="cosine' cluster selection me | ngram_range=(1,2),
thod="eom' max_features=5000)
Experiment | BAAI/bge- | n_neighbors=15 min_cluster _size=50 | CountVectorizer MaximalMarg | 120
2(MMR) small-en- n_components=5 | min_samples=10 (min_df=2, inalRelevance
vl.5 min_dist=0.0 metric="euclidean’ max_df=0.7, (diversity=0.3
metric='cosine' cluster _selection_me | ngram range=(1,2), | )
thod='eom' max_features=5000)
Experiment | BAAI/bge- | n_neighbors=15 min_cluster_size=50 | CountVectorizer KeyBERTIns | 120
3(KeyBER | small-en- n_components=5 | min_samples=10 (min_df=2, pired
T) vl.5 min_dist=0.0 metric="euclidean’ max_df=0.7,

thod='eom' max_features=5000)
243
244  The UMAP parameters control dimensionality reduction: n_neighbors=15 determines the local
245  neighborhood size for preserving data structure, n_components=5 reduces the high-dimensional
246  embeddings to 5 dimensions for efficient clustering, min_dist=0.0 allows tight clustering by
247 minimizing distance between similar points, and cosine metric measures similarity based on
248  document orientation rather than magnitude. The HDBSCAN clustering parameters ensure robust
249  topic formation: min_cluster size=50 requires at least 50 documents to form a valid topic, filtering
250 out noise and ensuring meaningful clusters, min_samples=10 sets the minimum neighborhood
251  density for core points, euclidean metric measures distance in the reduced dimensional space, and
252  eom (excess of mass) selection method identifies the most stable clusters. The CountVectorizer
253  parameters optimize text representation: min_df=2 excludes terms appearing in fewer than 2
254  documents to remove rare words, max df=0.7 excludes terms appearing in more than 70% of
255  documents to filter common words, ngram_range=(1,2) captures both single words and two-word
256  phrases, and max_features=5000 limits vocabulary size to the most informative terms. The
257  complete list of 50 topics identified in each experiment is presented in S1 Table for detailed
258  examination.
259  2.3.2 Traditional metrics and LLM-based evaluation
260 We employed a dual evaluation strategy combining automated metrics with large language model
261  assessment. Traditional coherence metrics included Normalized Pointwise Mutual Information
262  (NPMI) and C_V coherence measures, calculated using the OCTIS framework [28]. NPMI scores
263  range from -1 to +1, with positive values indicating meaningful semantic relationships. C_V scores
264  range from 0 to 1, with higher values signifying superior topic interpretability [29, 30]. Topic
265  diversity scores measure distinctiveness across the entire topic set [30].
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266  For LLM-based evaluation as a scalable alternative to human expert assessment, we used GPT-40
267  to assess topic quality using structured prompts adapted from Stammbach et al. [31]. Topics were
268 classified into three categories: high-quality (score = 1) showing strong thematic unity, medium-
269 quality (score = 2) demonstrating moderate coherence, and low-quality (score = 3) lacking
270  coherent thematic structure. This dual evaluation approach addresses limitations of purely
271  statistical measures by incorporating semantic understanding that aligns with human interpretation
272  of topic coherence [31]. Below is the structure of the prompt used:

273  Evaluate the following topic modeling results. For each topic, classify it as high-quality (score =
274 1), medium-quality (score= 2), or low-quality (score = 3) based on thematic coherence and
275  interpretability.

276 o HIGH (score = 1): Topics showing strong thematic unity with clearly related terms.

277 o MODERATE (score = 2): Topics demonstrating moderate coherence with some thematic
278 connection but less precision.

279 o LOW (score = 3): Topics lacking coherent thematic structure, with disparate or overly
280 general terms.

281  Format your response as "GPT Quality Score: X (QUALITY LEVEL)".

282 To improve the model's understanding and reduce ambiguity, example classifications were
283  included:

284 < Topic: "public, transport, transit, bike, cycling, walk, car, driving, sustainable, mobility” — GPT
285  Quality Score: 1 (HIGH)

286 e Topic: "heating, heat, pump, energy, efficient, home, cost, gas, electric, system” — GPT Quality
287  Score: 2 (MODERATE)

288 < Topic: "tax, change, rounding, climate, fight, impact, china, stack, changing, skiing”" — GPT
289  Quality Score: 3 (LOW)

290 3. Results and discussion

291  3.1. Model performance comparison

292  Three BERTopic model configurations were evaluated to identify the optimal approach for
293  extracting individual GHG-related behaviours from Canadian climate change discourse. The
294  baseline model, MMR, and KeyBERT representation models each generated 50 topics and were
295  assessed using both automated metrics and GPT-based quality evaluation. The KeyBERT model
296  demonstrated superior performance across most key metrics. It achieved the highest coherence
297  scores with C_V coherence of 0.6244 and NPMI coherence of 0.1373, indicating more
298  semantically coherent topic clusters. The KeyBERT model also produced the most reliable topics,

8
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299  with 3 high-quality topics and no low-quality topics according to GPT evaluation. The MMR
300 model showed competitive performance with a similar average GPT score of 2.04 and produced 3
301  high-quality topics. However, it exhibited weaker coherence performance (C_V: 0.5570, NPMI:
302  0.0580) whilst maintaining reasonable topic diversity at 0.5900. The presence of 1 low-quality
303 topic suggests some inconsistency in topic formation. The baseline model achieved the highest
304  topic diversity at 0.6440, indicating greater distinctiveness between topics, and showed moderate
305  coherence (C_V: 0.5704, NPMI: 0.0924). However, it produced the most variable quality results
306  with both 2 high-quality and 2 low-quality topics. Based on these results, the KeyBERT model
307  provided the optimal combination of topic coherence, interpretability, and consistency, with no
308 low-quality topics compromising the analysis of specific individual activities and behaviours.
309 Table 2 presents the hyperparameter configurations used across three experiments.

310 Table 2. BERTopic model performance comparison

MMR KeyBERT Baseline
Topic Diversity 0.5900 0.4760 0.6440
NPMI Coherence 0.0580 0.1373 0.0924
C_V Coherence 0.5570 0.6244 0.5704
High Quality Topics 3 3 2
Medium Quality Topic 46 47 46
Low Quality Topics 1 0 2

311

312  3.2. Discourse analysis through word cloud extraction

313 The word cloud visualization reveals distinct characteristics in how each BERTopic model
314  captures climate discourse patterns (Fig 1). The Baseline model demonstrates a strong institutional
315  focus, with dominant terms like "pbo" (Parliamentary Budget Office), "carney", "rebate", and
316  "inflation" reflecting policy-oriented discussions around Canada's carbon pricing system. In
317  contrast, the MMR and KeyBERT models show enhanced semantic precision and behavioral
318 nuance. The MMR model successfully diversifies topic coverage by balancing environmental
319  urgency terms ("wildfire", "forest fire", "methane") with economic critique vocabulary
320  ("capitalism", "wealth"), while introducing more household-level concepts like "recycled",
321  "plastic", and regional identifiers. KeyBERT produces the most semantically coherent output,
322  clustering around precise climate terminology ("carbon tax", "global warming", "renewable
323  energy") and notably capturing individual-level behavioral language such as "transit", "carbon
324  footprint", "believe climate", and "denying climate."

325 Fig 1. Word cloud across BERTopic model configurations
326 3.3. Topics directly related to individual activities and behaviours

327  3.3.1. Baseline BERTopic model performance
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328 The baseline BERTopic model successfully identified 8 topics directly related to individual
329  activities and behaviours from the 50 generated topics. This extraction rate demonstrates that
330  whilst individual-level discussions represent a minority of Canadian climate discourse on Reddit,
331  they constitute a substantial and measurable portion of the conversation. The baseline BERTopic
332  model identified 50 topics in total; however, only 49 are displayed in the grid as Topic -1,
333  representing outlier documents that could not be categorized into coherent topics, was excluded
334  from visualization (Fig 2).

335 Fig 2. Topic overview grid for Baseline model (c-TF-IDF), displaying 49 topics in a 7x7 layout. Red-highlighted topics represent

336 individual physical activities, while blue topics represent other thematic clusters. Each cell shows the topic ID, document count,
337 and top 10 representative words.

338 e Transport-related activities

339  The model captured two distinct transportation themes. Topic 17 focused on sustainable mobility
340  options, highlighting public transportation systems, cycling, and walking as alternatives to private
341  vehicle use. Topic 18 concentrated specifically on vehicle technology transitions, particularly the
342  shift from internal combustion engines to electric and hybrid vehicles. This distinction reveals that
343  Canadian Reddit users discuss both behavioural changes and technological adoption related
344  transport strategies.

345 e Energy-related behaviours

346  Energy discussions emerged across three distinct contexts. Topic 14 addressed residential heating
347  and home efficiency measures, reflecting Canada's significant heating demands and the potential
348  for individual energy conservation. Topic 19 focused on heating fuel costs and billing, suggesting
349  that economic considerations drive much of the individual energy discourse. Topic 29 captured
350 discussions about renewable energy technologies, indicating interest in personal adoption of clean
351  energy solutions.

352 e Dietary choices

353  Food-related behaviours appeared in multiple contexts, with Topic 3 addressing fundamental
354  dietary choices including plant-based diets and agricultural impacts. Topic 13 specifically
355 examined food economics, linking grocery costs and food pricing to climate considerations.
356 Interestingly, Topic 14 overlapped between diet and energy categories, suggesting interconnected
357  discussions about household resource management.

358 ¢ Consumption patterns

359  Topic 1 focused exclusively on waste management and recycling behaviours, particularly around
360 single-use plastics and packaging materials. This singular focus suggests that consumption
361  discussions in Canadian climate discourse concentrate heavily on waste reduction rather than
362  broader purchasing decisions. The category distribution reveals that energy and diet topics each
363  generated three distinct discussion themes, whilst transport produced two focused topics and
364  consumption yielded only one. This pattern suggests that Canadians engage most diversely with
365  energy and food-related climate actions, possibly reflecting the direct household relevance of these
366  behaviours.

367  3.3.2 Enhanced representation models

10
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368 The MMR model identified 9 topics related to individual activities, a notably higher extraction
369 rate than the baseline model. This improved coverage suggests that MMR's diversity mechanism
370  successfully reduced topic redundancy whilst preserving distinct individual behaviour discussions.
371  The MMR-enhanced model identified 50 topics in total; however, only 49 are displayed in the grid
372  as Topic -1, representing outlier documents that could not be categorized into coherent topics, and
373  were excluded from visualization (Fig 3).

374 Fig 3. Topic overview grid MMR-enhanced model, displaying 49 topics in a 7x7 layout. Red-highlighted topics represent individual

375 physical activities, while blue topics represent other thematic clusters. Each cell shows the topic ID, document count, and top 10
376 representative words.
377 ¢ Enhanced energy focus

378  The MMR model's most striking feature was its granular breakdown of energy-related behaviours
379 into five distinct topics. Topic 14 maintained focus on residential heating efficiency and cost
380 management, similar to the baseline model. However, MMR uniquely separated broader energy
381  transition discussions (Topic 22) from specific technology adoption conversations. Topic 28
382  concentrated exclusively on solar panel installation and energy storage systems, whilst Topic 29
383  addressed renewable energy infrastructure and grid considerations. This detailed segmentation
384  reveals that Canadian energy discussions encompass multiple scales from individual technology
385  choices to systemic energy transitions.

386 e Transport categories

387

388  Transport discussions remained split between sustainable mobility (Topic 17) and vehicle
389  technology (Topic 18), mirroring the baseline model's structure. However, MMR's Topic 18
390 introduced more nuanced language around "driving less" and "efficient vehicle" choices,
391  suggesting the model captured both technological and behavioural dimensions of transport
392  decisions more effectively than the baseline.

393 e Streamlined dietary discussions

394

395 MMR consolidated dietary conversations into two primary themes. Topic 3 focused on plant-based
396 diets and agricultural systems, whilst Topic 19 overlapped with energy concerns around heating
397  and fuel costs. Interestingly, the MMR model eliminated the separate food pricing topic present in
398 the baseline, instead of integrating economic considerations into the broader energy-diet overlap
399 topic.

400 e Consistent consumption focus

401

402 Like the baseline model, MMR produced a single consumption-focused topic centered on
403 recycling and plastic waste management, though with more detailed terminology around
404  "environmentally friendly" practices and "plastic waste" specifically. The MMR model's strength
405 lies in its detailed energy categorization, potentially reflecting the complexity and diversity of
406 individual energy choices available to Canadians. However, this granularity came at the cost of
407  some dietary discussion of nuance.
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408 The KeyBERT model identified 9 topics related to individual activities. Whilst capturing a similar
409  number of topics to MMR, KeyBERT demonstrated superior semantic coherence and produced
410 the most detailed energy-related categorization of all three models. The KeyBERT-
411  enhanced model identified 50 topics in total; however, only 49 are displayed in the grid as Topic
412 -1, representing outlier documents that could not be categorized into coherent topics, was excluded
413  from visualization (Fig 4).

414 Fig 4. Topic overview grid KeyBERT-enhanced model, displaying 49 topics in a 7x7 layout. Red-highlighted topics represent

415 individual physical activities, while blue topics represent other thematic clusters. Each cell shows the topic ID, document count,
416 and top 10 representative words. (Continued)

417 e Comprehensive energy analysis

418

419  KeyBERT's most distinctive feature was its granular breakdown of energy discussions into six
420  distinct categories, surpassing both baseline and MMR models. The model separated residential
421  heating systems into two focused topics: Topic 14 addressed traditional heating costs and fuel
422  concerns, whilst Topic 15 specifically examined heat pump technology and climate-appropriate
423  heating solutions. This distinction reflects the growing Canadian discourse around heat pump
424  adoption as a climate solution. KeyBERT also uniquely isolated nuclear energy discussions (Topic
425  30), recognizing the distinct nature of nuclear power conversations in Canadian climate discourse.
426  Topics 22, 28, and 29 systematically separated renewable energy policy discussions, energy
427  storage technology, and wind/solar infrastructure respectively. This comprehensive categorization
428  suggests that KeyBERT!'s representation approach effectively captured the technical complexity
429  and diversity of individual energy choices available to Canadians.

430 e Transport focus

431

432  Transport discussions maintained the familiar split between sustainable mobility options (Topic
433 17) and vehicle technology transitions (Topic 18). KeyBERT's Topic 17 demonstrated clearer
434  language around "mode transportation" and specific public transport options, whilst Topic 18
435  focused precisely on vehicle efficiency and electric adoption without the behavioural elements
436  ("driving less") captured by MMR.

437 e Consumption and diet categories

438

439  Like the other models, KeyBERT produced a single consumption topic focused on recycling and
440  plastic waste management. The dietary discussions were consolidated into the two heating-related
441  topics (14 and 15), suggesting that KeyBERT recognized the interconnected nature of household
442  resource management rather than treating food and energy as entirely separate domains.
443  KeyBERT's strength lies in its ability to distinguish between different scales and types of energy
444  decisions from individual technological adoption (heat pumps, solar panels) to broader energy
445 system preferences (nuclear, renewables). This nuanced approach provides the most
446  comprehensive view of how Canadians discuss individual energy choices within climate discourse.

447  3.4. Limitations
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448  This study has several limitations that should be acknowledged. First, Reddit's user demographics
449  may not be representative of the broader Canadian population, as the platform tends to attract
450  younger, more tech-savvy users who may hold different views on climate change than the public.
451  This demographic skew potentially limits the generalizability of findings to the wider Canadian
452  population, particularly regarding older age groups or those with limited digital engagement.
453  Second, our analysis focused on a specific period, which may not capture seasonal variations in
454  climate discussions or evolving public discourse over time. Third, the topic modeling approach,
455  whilst effective at identifying discussion themes, relies on word co-occurrence patterns that may
456  miss nuanced contextual meanings or sarcastic comments common in Reddit discourse.

457 4. Conclusion and future studies

458  This study analyzed 17,926 textual entries from two Canadian subreddits (r/ClimateCrisisCanada,
459  r/AskACanadian) gathered over a three-year period to address a critical research gap:
460 understanding how Canadians articulate and discuss individual GHG-emitting behaviours in
461  online discourse. Using BERTopic topic modelling with three different representation approaches,
462  Dbaseline c-TF-IDF, MMR diversity optimization, and KeyBERT semantic enhancement, we
463  systematically extracted and analyzed behavioural domains to answer: What individual activities
464  and behaviors related to GHG emissions are discussed in Canadian climate change discourse on
465 Reddit?. The comparative modelling approach proved essential, as each configuration revealed
466  different dimensions of climate behaviour discourse. The KeyBERT model demonstrated superior
467  performance with the highest coherence scores (C_V: 0.6244, NPMI: 0.1373) and produced the
468  most reliable topics with no low-quality classifications.

469  The analysis revealed that Canadians predominantly discuss four key behavioural domains: energy
470 management (representing the largest category with 3-6 topics depending on model),
471  transportation choices (consistently 2 topics across models), dietary decisions (2-3 topics), and
472  consumption patterns (1 topic focused primarily on waste management and recycling).
473  Transportation discussions consistently emerged across two distinct themes: sustainable mobility
474  options emphasizing public transit, cycling, and walking; and vehicle technology transitions
475  focusing on electric and hybrid adoption. Unlike other behavioural domains that showed variation
476  across models, transportation maintained remarkable consistency in both topic count and thematic
477  structure, suggesting it represents a particularly salient and well-defined area of climate concern
478  for Canadians. Energy discussions proved most diverse, ranging from residential heating solutions
479  and cost considerations to renewable energy adoption and nuclear power preferences. Dietary
480 conversations linked food choices to both environmental and economic concerns, whilst
481  consumption discussions concentrated narrowly on plastic waste and recycling behaviours. The
482  study demonstrated that different BERTopic configurations capture complementary aspects of
483 climate behaviour discourse. KeyBERT's semantic enhancement provided the most detailed
484  categorization of technical energy solutions, whilst baseline and MMR models captured broader
485  contextual factors and practical implementation challenges respectively. Future research should
486 investigate regional variations in climate behaviour discourse, as initial evidence suggests that
487  provincial contexts significantly impact individual climate discussions. Finally, expanding the
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analysis to include other Canadian online platforms could provide broader demographic
representation beyond Reddit's user.

Abbreviations

GHG: Greenhouse Gas

BERTopic: Bidirectional Encoder Representations from Transformers for topic modeling
c-TF-IDF: class-based Term Frequency-Inverse Document Frequency

MMR: Maximal Marginal Relevance

NPMI: Normalized Pointwise Mutual Information

LLM: large language models

GPT-40: Generative Pre-trained Transformer version 4 omni

SDGs: Sustainable Development Goals

CO,: carbon dioxide

Al artificial intelligence

NLP: Natural language processing

LDA: Latent Dirichlet Allocation

PRAW: Python Reddit API Wrapper

NLTK: Natural Language Toolkit

NMEF: Non-Negative Matrix Factorization

UMAP: Uniform Manifold Approximation and Projection

PCA: Principal Component Analysis

HDBSCAN: Hierarchical Density-Based Spatial Clustering of Applications with Noise
OCTIS: Optimizing and Comparing Topic models Is Simple

Data availability statement

The dataset analyzed in this study was collected from Reddit (https://www.reddit.com/). The data
consists of publicly posted textual content related to climate change. Due to the terms of service
of these  platforms and  ethical  considerations  regarding  wuser  privacy,
the dataset supporting the conclusions of this article is included as supplementary material.

CRediT authorship contribution statement

Negar Shabanpour: Conceptualization, Methodology, Software, Formal analysis, Investigation,
Data Curation, Writing - Original Draft, Visualization. Stéphane Roche: Conceptualization,
Methodology, Writing - Review & Editing, Supervision, Project administration, Funding
acquisition. Sehl Mellouli: Methodology, Writing - Review & Editing, Supervision.

14


http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a Creative Commons Attribution 4.0 I nternational
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.

522 References

523 1. Pietrapertosa F, Khokhlov V, Salvia M, Cosmi C. Climate change adaptation policies and plans:
524 A survey in 11 South East European countries. Renewable and Sustainable Energy Reviews.
525 2018 Jan 1;81:3041-50.

526 2. Zhang X, Wang Y. How to reduce household carbon emissions: A review of experience and
527 policy design considerations. Energy Policy. 2017 Mar 1;102:116-24.

528 3. Hampton S, Whitmarsh L. Choices for climate action: A review of the multiple roles individuals
529 play. One Earth. 2023 Sep 15;6(9):1157-72.

530 4. van Sluisveld MA, Martinez SH, Daioglou V, van Vuuren DP. Exploring the implications of
531 lifestyle change in 2 C mitigation scenarios using the IMAGE integrated assessment model.
532 Technological Forecasting and Social Change. 2016 Jan 1;102:309-19.

533 5. Boyce S, He F. Quantifying the drivers of CO2 emissions across Canadian communities using
534 quantile regression. Environmental Impact Assessment Review. 2023 Jul 1;101:107144.

535 6. Lloyd S, Rhodes E. Countering the Climate Change Counter Movement: Six lessons from

536 Canada's climate delays. Energy Research & Social Science. 2026 Jan 1;131:104500.

537 7.Boyce S, He F. Effects of government policy, socioeconomics, and weather on residential GHG
538 emissions across subnational jurisdictions: the case of Canada. Energy Policy. 2023 Nov
539 1;182:113765.

540 8. Hart PS, Feldman L. The impact of climate change—related imagery and text on public opinion
541 and behavior change. Science Communication. 2016 Aug;38(4):415-41.

542 9. Gokcimen T, Das B. Exploring climate change discourse on social media and blogs using a
543 topic modeling analysis. Heliyon. 2024 Jun 15;10(11).

544  10. Parsa MS, Shi H, Xu Y, Yim A, Yin Y, Golab L. Analyzing climate change discussions on
545 Reddit. In2022 International Conference on Computational Science and Computational

546 Intelligence (CSCI) 2022 Dec 14 (pp. 826-832). IEEE.
547  11. Tvinnereim E, Laegreid OM, Liu X, Shaw D, Borick C, Lachapelle E. Climate change risk

548 perceptions and the problem of scale: evidence from cross-national survey experiments.
549 Environmental Politics. 2020 Nov 9;29(7):1178-98.

550 12. Savin I, van den Bergh J. Opinions of EU citizens about climate policy in their own
551 words. Ecological Economics, 244, 108968.

552  13. Bui T, Hannah A, Madria S, Nabaweesi R, Levin E, Wilson M, Nguyen L. Emotional health
553 and climate-change-related stressor extraction from social media: A case study using Hurricane
554 Harvey. Mathematics. 2023 Dec 9;11(24):4910.

15


http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a Creative Commons Attribution 4.0 I nternational
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.

555 14. Hoang T, Nguyen QA, Nguyen L. Public Health in Disaster: Emotional Health and Life
556 Incidents Extraction during Hurricane Harvey. arXiv preprint arXiv:2408.11133. 2024 Aug 20.

557  15. Sanford M, Painter J, Yasseri T, Lorimer J. Controversy around climate change reports: a case
558 study of Twitter responses to the 2019 IPCC report on land. Climatic change. 2021
559 Aug;167(3):59.

560 16. Selvakumar P, Seenivasan S, Athavale VA, Poorani S, Das A. Drivers and Impacts of Text

561 Mining on Climate Change. InText Mining and Sentiment Analysis in Climate Change and
562 Environmental Sustainability 2025 (pp. 327-346). IGI Global Scientific Publishing.

563 17. Heilala V, Araya R, Hamaéldinen R. Beyond text-to-text: An overview of multimodal and
564 generative artificial intelligence for education using topic modeling. InProceedings of the 40th
565 ACM/SIGAPP Symposium on Applied Computing 2025 Mar 31 (pp. 54-63).

566 https://doi.org/10.1145/3672608.3707764.

567  18. Benites-Lazaro LL, Giatti L, Giarolla A. Topic modeling method for analyzing social actor
568 discourses on climate change, energy and food security. Energy research & social science. 2018
569 Nov 1;45:318-30. https://doi.org/10.1016/j.erss.2018.07.031.

570 19. Zadgaonkar A, Agrawal AJ. An approach for analyzing unstructured text data using topic
571 modeling techniques for efficient information extraction. New Generation Computing. 2024
572 Mar;42(1):109-34. https://doi.org/10.1007/s00354-023-00230-5.

573  20. Aziz S, Dowling M, Hammami H, Piepenbrink A. Machine learning in finance: A topic
574 modeling approach. European Financial Management. 2022  Jun;28(3):744-70.
575 https://doi.org/10.1111/eufm.12326.

576 21. Ghosh D, Kujur AG, Salim A. Exploring public perspectives on climate change with Al

577 analysis. InAl and Green Technology Applications in Society 2025 (pp. 1-30). IGI Global
578 Scientific Publishing. https://doi.org/10.4018/979-8-3693-9879-1.ch001.

579 22.Fang Z, He Y, Procter R. CWTM: Leveraging contextualized word embeddings from BERT
580 for neural topic modeling. InProceedings of the 2024 joint international conference on
581 computational linguistics, language resources and evaluation (Irec-coling 2024) 2024 May (pp.

582 4273-4286).

583  23. Grootendorst M. BERTopic: Neural topic modeling with a class-based TF-IDF procedure.

584 arXiv preprint arXiv:2203.05794. 2022 Mar 11.https://doi.org/10.48550/arXiv.2203.05794.
585

586 24. Zhu Y, Liu Y. Gibbs-bertopic: A hybrid approach for short text topic modeling (february
587 2025). IEEE Access. 2025 Mar 17. https://doi.org/10.1109/ACCESS.2025.3552221.

16


https://doi.org/10.1145/3672608.3707764
https://doi.org/10.1111/eufm.12326
https://doi.org/10.4018/979-8-3693-9879-1.ch001
https://doi.org/10.48550/arXiv.2203.05794
https://doi.org/10.1109/ACCESS.2025.3552221
http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a Creative Commons Attribution 4.0 I nternational
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.

588  25. Galli C, Colangelo MT, Meleti M, Guizzardi S, Calciolari E. Topic Analysis of the Literature
589 Reveals Research Trends: The Case of Periodontics.
590 https://doi.org/10.20944/preprints202410.1636.v1.

591  26. Juel E, Futch W, Eiler B. Connecting the pro-recovery eating disorder community: An analysis
592 of the language on science, Twitter, and Reddit. Psychology of Popular Media. 2024
593 Apr;13(2):230.

594  27. Abimbola JO, Kuaban GS, Ajayi SA. Open-Source Embedding Models: A Comprehensive

595 Survey of Techniques, Benchmarks, and Applications. IEEE Access. 2026 Mar 9.

596  28. Terragni S, Fersini E, Galuzzi BG, Tropeano P, Candelieri A. OCTIS: Comparing and
597 optimizing topic models is simple!. InProceedings of the 16th conference of the European
598 chapter of the association for computational linguistics: system demonstrations 2021 Apr (pp.

599 263-270). https://doi.org/10.18653/v1/2021.eacl-demos.31.

600 29. Sawant S, Yu J, Pandya K, Ngan CK, Bardeli R. An enhanced BERTopic framework and

601 algorithm for improving topic coherence and diversity. In2022 IEEE 24th Int Conf on High
602 Performance Computing & Communications; 8th Int Conf on Data Science & Systems; 20th
603 Int Conf on Smart City; 8th Int Conf on Dependability in Sensor, Cloud & Big Data Systems
604 & Application (HPCC/DSS/SmartCity/DependSys) 2022 Dec 18 (pp. 2251-2257). IEEE.

605 https://doi.org/10.1109/HPCC-DSS-SmartCity-DependSys57074.2022.00332.

606  30. Sharifian-Attar V, De S, Jabbari S, Li J, Moss H, Johnson J. Analysing longitudinal social

607 science questionnaires: topic modelling with BERT-based embeddings. In2022 IEEE
608 international conference on big data (big data) 2022 Dec 17 (pp. 5558-5567). IEEE.
609 https://doi.org/10.1109/BigData55660.2022.10020678.

610 31. Stammbach D, Zouhar V, Hoyle A, Sachan M, Ash E. Revisiting automated topic model
611 evaluation with large language models. InProceedings of the 2023 conference on empirical
612 methods in  natural language  processing 2023  Dec  (pp.  9348-9357).
613 https://doi.org/10.48550/arXiv.2305.12152.

614

615 S1 Table. Complete list of topics identified in experiments. Detailed breakdown by experiment type and frequency of occurrence.

17


https://doi.org/10.20944/preprints202410.1636.v1
https://doi.org/10.1109/HPCC-DSS-SmartCity-DependSys57074.2022.00332
https://doi.org/10.1109/BigData55660.2022.10020678
https://doi.org/10.48550/arXiv.2305.12152
http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

Word Clouds Across Three Topic Models

BASELINE Maodel II'IIIH Model KEYBERT Model

temperature Cllmate mudel “est f I | ., heat piEpy yre o i pbo report fossil fLIE1hE]lE1.i|'EmE.L}rE'|I.?£E
ecnn-::mst - " WE‘EI lth 5 : : 7

ires; Eal 'f

. WEE thp]mr g } o . :

cost Clll‘ﬂEltE' ‘s cause climate i
weaum c bﬂaplta lSm Cap]FE ate p::lr_asm COE]]_ iE | : :

£

rebate pag -

part:.r n rﬁ amé-—li e ”_ta}(uluc axi r._bml gas
COal mﬂd plgaﬁz"c , a‘:l H‘l =592 J Cg n

e cllmate olic riceilcar
forest- J-n f—Dn 3 "
limat de

o€ N -Emcr
re 1nflatlun %é 5 Fm[:)l::)o r- por--t glObal Wﬁmgmmam

met a

A methanet warming: [ EEW,
Figure


http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

Tapic O Tapis 1 2 1301 deszu} Tepls & Tepie 5

£55 dacs) 1EG T dads| i decs] [=ul] {184 dacsh (72 dacs]
feonsumption)
gt orest | T rebwe | rebate
st | fimm b2 rehate getling nebate
oo carhan | treo caiben rehate bk rebate
litre forest fire rebate carbon hoau b
b - wildfine riehate fay rebate pay
LAE FEENLE il [ r:g:tc mecEive
tripla ' Eghtn ey ik guartarly
cent | Lp:‘rq rebated receive rebate
Lax Eax  horeal qll.mrtarar nack
incamea tas kb nEme p
Tapi & Tapks & Topk i1
{144 gacs) 156 docx) 207 fecsh B e
inflatian pbo air gy Erdszion aun
E iréiatkon ﬂr:nn e izl s t:dlﬂ
Sl ) y nabaiite i o
nilshan S R air qualicy glkabal ghg Aock bax
ot inflaticn alenami E IR -}hnﬁhl sy Las
Evaad garliam L SETre batsl PR bl
cause milabion b syt otfcer hreathe amihs i T
inflztion corben olficer sir palutien reskicing anission neutrsl
oofparate graed pariameniany quality ToDl EmiEsian mraney pocket
g SCANDMIC hzranful contribute Cimabe comsumphion bax
Topk 13 Topk 19 Topk 16 Teplc §7
4L d {371 doza)
(5% docu] {BS docs) i peat [tras dpant]
Nz hagt mamp Lairen Mooiping
odr 1] heat caphure
matas furmace carhan capiure
ng ges furnace reduce carkan
ki oold cortion emizsan
muricipakty sHI requine reducing carban
ol uni riegative carban
s rrajoriy cansdian emied
Aoading themoetat carban reduction
gk Ll Tepde 10 ek Y0 Tiqike ¥1 2 23
VTR edd ] 122 decil (PRT ki 158 dpsl 227 Bacal ﬁ"&"é‘m.
[EABEREEAE] [enargel
ol carhan tasd szl Ml
ol gea e R Lt el
e [y e |
:.u":i’ eoal fred
ol Enrparny curh
onals s eiTectiae
[ELTE Tl £351
B85 ]
marsd rarp
Topk 2% . ] Toplc 27 Topic 28 Toapdic ¥%
(AT daceh doisl {59 doca) 1103 e} 1107 datn)
lenmgy]
ching coal tae climate | Zlirmake Eax
incha rabursl gas deal climabe change tax
china indis nakuiral addmis chmila munding mrer
think ching trackineg ghange carbos dimgis con
lradia china coal el tax gend cast good
chirese ik Loal affect global ieamiding
ool reqines think caran shack
usa gas ‘ool tax oot
hinad biurn wiact farkssn fight climate
ki chira o | glohal chmabe el el
Waph k3 N i
1728 desl {211 docw 1B e
LETRET) O canaia ‘rudaeu
£ariem Bin 12 mydeaus
man work pobal embsnn e carhan
think caresn 3 APt Rax trudias
=
Faend Lmrlmrﬁ:ﬂ pistin
Iuﬁw cagut COnEErE
L carada catien
Bhn geing Hﬁnb&hn ﬂﬂd.u
Py rE] Carton Phabal i



http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

L L Tapk: 40 1
1240 et (AR destsl 150 does)

tan canadia [ bemparature
chenge canada sanmda carkan ‘rea ik hear
rithing cansds oy o adian winker
. Eax canadian [ l;::’
AwmrEg e canadian
wwidarce Larban | o]
barge pod hiber | simoucherc
caradan carbion | e
canads |climate: model
Zanasdian gy | @mgres
Topic &3
|HEH:E|'| [ELET]

cealt chrmiaba

Figure


http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

Pyt

T’ 1T
4077 e
[irdrigeadi]

r|'|1,|'|i
natural gic

o e =
1]

T

- wl fEFL

a2,

it
ek i Ca =
Eﬂmu,“m"'.'“
carson emizsion g
"“t: rarthon pricing
mﬁm,' Ewiirer carhion
I
canadm ten cartan Eaxh
carak £oukd Brton
Corbion Sackreint -



http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

Topic B

1208 -daca] i gl ﬂfifﬂ’fr
e i caradian e
il g”"‘”' incigarn o fadaral carbsan
nathicg <anida Fight canaeda Srenie EyaRem
Coansenative CAradn mans g Cap
N e provincial grreemmens
Shink fasata it e g

Figure


http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

oge 1
Jamr diaf
Iraravmrpilas]

Figure

L)

a7 e

2 Topes L Tapic 5
CADL dooxi 1584 docs} (77 daish
agricuiture. carkon resabe rebate pay
tueal rebate carbon
rliand carban kax hsck rehatbs
|endl L tan rebate quiing ridabe
i garmen FEL e e bane
aremal agricutiuee m=hate pay el
Emn b= wystem
due Chmate peopke P L retumeed
limate bax ki x netum
crap folbire pay carkan taw gyerynae



http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

Tapls 40
1557 docx]

fuUEstEN sCience
wrientific
scientific comemunity
SCHInCE
SClemtist
regearch
hurman race
data
evidence
dahate

11
o Fa @]

Bapic 14
(211 gaca)

1B o1

CBADOn [Ficing
earbien grice
arigsan rading
Ence catban

Figure

canadian carban

ANeELE Cban
Eax bz

Larbuy L
Carizon pricing
Encing carhan

brudisary
iR
ta
wlhmmll.lfl:l:l
g rid i £ dr baan

rOpges
clmatn denial
20 il S bt
sehence Thmate
ket v i =
Henyirg chmate
Erirk climate
climpse pilcy
ghbal manming


http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

