Supplementary Material 1: Data Filtering Procedure
To ensure the relevance, uniqueness, and analytical validity of the dataset, a multi-stage filtering procedure was employed. The raw dataset initially comprised 94,661 Weibo posts collected using climate-related keywords. The filtering process involved both machine-based and manual approaches, carried out in four key stages:
1. Machine-Based Pre-Filtering
(1). Noise Removal
During preliminary data inspection, it was observed that certain climate-related keywords—particularly “冰川融化” (glacier melting)—were frequently co-opted in celebrity fan-based promotional content unrelated to climate change. For instance, fans often used these terms metaphorically in posts praising celebrities, which introduced substantial semantic noise into the dataset. To address this issue, we applied a rule-based filtering algorithm to identify and remove such off-topic content. In total, 22,423 such posts were excluded, reducing the dataset from 94,661 to 72,238 posts.
(2). Duplicate Removal
Next, we conducted text-based duplication to remove identical or near-identical posts. This step removed 9,676 duplicate posts, yielding 62,562 unique entries.
2. TF-IDF Based Topical Filtering
To further ensure thematic relevance to climate change discourse, a topic-based filtering procedure was implemented using TF-IDF (Term Frequency-Inverse Document Frequency) cosine similarity:
(1). Posts were first segmented using the Jieba Chinese word segmentation tool. Stopwords were removed based on a standard Chinese stopword list.
(2). Each post was transformed into a TF-IDF vector and compared with a pre-defined topic centroid vector derived from climate-relevant reference texts.
(3). A cosine similarity threshold of 0.005 was used to exclude posts that, while containing climate-related keywords, were semantically off-topic.
This stage filtered out 33,151 irrelevant but keyword-matched posts, reducing the dataset to 29,411 contextually valid entries.
3. Manual Validation
To ensure content quality and semantic substance, we conducted manual screening of the remaining posts. Specifically, we removed:
(1). Emoji-only posts with no textual content.
(2). Hashtag-only posts lacking meaningful statements.
(3). Spam or templated content generated by bots or marketing accounts.
A total of 4,721 non-substantive posts were excluded at this stage, resulting in a final curated dataset of 24,690 posts.
4. Final Dataset
The resulting dataset (N = 24,690) represents a refined collection of Weibo posts that are relevant, unique, and topically aligned with climate change discourse. This dataset served as the foundation for subsequent content analysis, topic modeling, and statistical modeling.


Supplementary Material 2: Topic Attributes Coding in Two-Stage Process
To determine the optimal number of topics, LDA models were trained for topic numbers ranging from 20 to 100. As shown in Figure S2, the model within the 55–65 topic range yielded the highest and most stable coherence scores while maintaining low perplexity. However, a 56-topic model was ultimately selected for downstream analysis because it offered a more practical balance between interpretability and modeling tractability. The 56-topic model achieved a coherence score of 0.562 and a perplexity of 0.0001, indicating strong topical separation and semantic clarity.
Figure S2. Perplexity and Coherence Score across Different Topic Numbers
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Table S2. Summary of Changes from Initial to Final Codebook
	No.
	Initial First-level Codebook
	Action Taken 
	Rationale
	Final First-level Codebook

	1
	Politics and governance
	Refined
	To emphasize international political dimensions.
	International Relations and Politics

	2
	Action advocacy
	Refined
	to reflect China-focused climate governance themes.
	China's Climate Action, Governance and Policy

	3
	Science and technology
	Retained
	Definition aligns with the dataset, no changes required.
	Science and Technology

	4
	Environmental and health impacts
	Refined
	To clarify focus on climate-related impacts.
	Environment and Climate Change Impacts

	5
	Economy
	Broadened
	To encompass broader business sector activities beyond pure economics.
	Business and Economics

	6
	Beliefs and perceptions
	Reclassified
	To align health- and wellness-related topics.
	Medicine, Health and Wellness

	7
	Culture
	Expanded
	To capture cultural and everyday-life framings.
	[bookmark: OLE_LINK1]Literature, Entertainment and Life

	8
	Other
	Reclassified
	To reflect distinct agricultural themes.
	Agriculture


[bookmark: _Hlk218028440]Note: The source of the Initial First-level Codebook is (Ji et al., 2024).


Supplementary Material 3: Descriptive Statistics and Diagnostic Tests
[bookmark: _Hlk200837413]Table S3-1. Descriptive Statistics for Engagement Metrics
	Metrics
	Min
	Median
	Max
	Mean
	Variance
	NZR (%)
	

	Reposts
	0
	0
	837,652
	44.602
	28,555,195.448
	70.972%
	

	Comments
	0
	0
	10,527
	5.897
	9,806.422
	71.482%
	

	Likes
	0
	0
	100,043
	32.547
	661,558.834
	53.779%
	


Source: Author’s own work.
Note: NZR (%) represent “Non-zero Rate”, refers to the percentage of posts that received at least one instance of engagement, indicating the proportion of content that elicited any user interaction.
Descriptive statistics for the three-engagement metrics—Reposts, Comments, and Likes—are presented in Table S3-1. All three variables exhibit highly skewed distributions with substantial zero inflation. Median values are zero across all metrics, indicating that more than half of the posts received no engagement of the corresponding type. Maximum values vary considerably, ranging from 837,652 reposts to 100,043 likes and 10,527 comments. Mean engagement levels are comparatively low—44.602 for reposts, 5.897 for comments, and 32.547 for likes—highlighting the presence of outliers and overdispersion. This is further evidenced by the high variance, particularly for reposts (28,555,195.448). Notably, 70.972% of posts had no reposts, 71.482% had no comments, and 53.779% had no likes. These distributional characteristics collectively justify the use of negative binomial regression in the subsequent analysis.
To assess whether the three engagement variables—reposts, comments, and likes—could be treated as independent outcome variables, we conducted multicollinearity diagnostics using a series of linear regressions.
Table S3-2. Multicollinearity Diagnostics for Engagement Metrics
	Dependent Variable
	Predictor
	VIF
	Tolerance

	Reposts
	Comments
	1.329
	0.753

	Reposts
	Likes
	1.329
	0.753

	Comments
	Likes
	1.003
	0.997

	Comments
	Reposts
	1.003
	0.997

	Likes
	Reposts
	1.012
	0.988

	Likes
	Comments
	1.012
	0.988


Source: Author’s own work.
Note: Variance Inflation Factor (VIF) and Tolerance values were derived from a series of linear regression models in which each engagement metric was regressed on the other two.
Table S3-2 reports the Variance Inflation Factor (VIF) and Tolerance values for each predictor in each model. All VIF values ranged between 1.003 and 1.329, and all Tolerance values were above 0.7, suggesting a low degree of shared variance. These results support the statistical independence of the three engagement metrics and justify modeling them separately in the main analysis.
Table S3-3. Multicollinearity Diagnostics for Predictors
	Predictor
	VIF
	Tolerance

	Topic Attributes

	Topic 2
	1.525
	.656

	Topic 3
	1.478
	.676

	Topic 4
	1.333
	.750

	Topic 5
	1.307
	.765

	Topic 6
	1.127
	.887

	Topic 7
	1.131
	.884

	Topic 8
	1.092
	.916

	Communication Actors

	Government
	1.122
	.891

	Media
	1.150
	.869

	NGO
	1.046
	.956

	Corporation
	1.036
	.965

	Think Tank
	1.019
	.981

	Others
	1.034
	.967


Source: Author’s own work.
Note: Reference categories: Topic 1 and Public. Dependent Variable used for diagnostics: Retweets.
Table S3-3 reports the VIF and Tolerance values for predictors. All VIF values are well below the threshold of 5, indicating no significant multicollinearity. 


Supplementary Material 4: Crosstabulations
Table S4-1. Crosstabulation of Topic Attributes by Communication Actor Type
	
	Topic 1
	Topic 2
	Topic 3
	Topic 4
	Topic 5
	Topic 6
	Topic 7
	Topic 8
	Total (n)

	Government
	1,068
(27.364%)
	626
(16.039%)
	657
(16.833%)
	525
(13.451%)
	586
(15.014%)
	204
(5.227%)
	122
(3.126%)
	115
(2.946%)
	3,903

	Media
	1,477
(27.654%)
	648
(12.133%)
	1,192
(22.318%)
	688
(12.881%)
	808
(15.128%)
	237
(4.437%)
	121
(2.265%)
	170
(3.183%)
	5,341

	NGO
	283
(26.326%)
	394
(36.651%)
	158
(14.698%)
	65
(6.047%)
	82
(7.628%)
	55
(5.116%)
	17
(1.581%)
	21
(1.953%)
	1,075

	Corporation
	126
(16.154%)
	194
(24.872%)
	274
(35.128%)
	56
(7.179%)
	77
(9.872%)
	16
(2.051%)
	10
(1.282%)
	27
(3.462%)
	780

	Think Tank
	142
(32.569%)
	90
(20.642%)
	110
(25.229%)
	29
(6.651%)
	38
(8.716%)
	13
(2.982%)
	7
(1.606%)
	7
(1.606%)
	436

	Public
	2,658
(21.290%)
	3,237
(25.927%)
	2,437
(19.519%)
	1,618
(12.960%)
	1,065
(8.530%)
	486
(3.893%)
	696
(5.575%)
	288
(2.307%)
	12,485

	Others
	150
(22.388%)
	181
(27.015%)
	97
(14.478%)
	46
(6.866%)
	97
(14.478%)
	27
(4.030%)
	5
(0.746%)
	67
(10.000%)
	670

	Total (n)
	5,754
	5,189
	4,828
	2,981
	2,656
	1,011
	973
	628
	24,690


Source: Author’s own work.
Note: Values in parentheses represent row percentages (i.e., the proportion of posts each actor type contributed to each topic).


Table S4-2. Crosstabulation of Misinformation Occurrence by Communication Actor Type
	
	Misinformation 
	Accurate Information
	Total (n)

	Government
	1 
(0.026%)
	3,902 
(99.974%)
	3,903

	Media
	3 
(0.056%)
	5,338 
(99.944%)
	5,341

	NGO
	0 
(0%)
	1,075 
(100%)
	1,075

	Corporation
	1 
(0.128%)
	779 
(99.872%)
	780

	Think Tank
	0 
(0%)
	436 
(100%)
	436

	Public
	764
(6.118%)
	11,721 
(93.882%)
	12,485

	Others
	0
(0%)
	670
(100%)
	670

	Total (n)
	769
	23,251
	24,690


Source: Author’s own work.
Note: Values in parentheses represent row percentages (i.e., the proportion of misinformation and accurate information within each actor type).



Supplementary Material 5: Robustness Checks
Table S5-1. Model Fit Comparison
	Variables
	Model Type
	AIC
	BIC

	Likes
	Full
	207,847
	–97,892

	
	Actor-only
	211,776
	–94,020

	
	Topic-only
	212,061
	–93,718

	Reposts
	Full
	152,177
	–124,144

	
	Actor -only
	156,667
	–119,711

	
	Topic-only
	159,232
	–117,129

	Comments
	Full
	132,476
	–144,316

	
	Actor -only
	134,025
	–142,824

	
	Topic-only
	136,055
	–140,777


Note. AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion. Lower values indicate better model fit, with penalties for model complexity.
Table S5-1 presents a comparison of AIC and BIC across three model specifications for each engagement outcome: likes, reposts, and comments. The three specifications include (1) a full model incorporating both communication actor types and topic types, (2) a actor-only model including only actor variables, and (3) a topic-only model including only topic variables. As shown in the table, the full model consistently achieved the lowest AIC and BIC values across all three engagement metrics, indicating superior model fit. For example, in the likes model, the full specification had an AIC of 207,847 and a BIC of –97,892, substantially lower than both the actor-only (AIC = 211,776; BIC = –94,020) and topic-only models (AIC = 212,061; BIC = –93,718). Similar patterns were observed for the repost and comment outcomes, where the full models outperformed simplified versions in both fit indices. 
Table S5-2. Poisson Regression Results for Robustness Analysis
	Variables
	Reposts
	Comments
	Likes

	
	Coef (B)
	Std. Error
	Exp(B)
	p-value
	Coef (B)
	Std. Error
	Exp(B)
	p-value
	Coef (B)
	Std. Error
	Exp(B)
	p-value

	Communication Actors

	Government
	-1.048
	.008
	.351
	.000
	-.675
	.009
	.509
	.000
	-1.234
	.005
	.291
	.000

	Media
	-1.187
	.007
	.305
	.000
	-.890
	.009
	.410
	.000
	-.041
	.003
	.959
	.000

	NGO
	.047
	.009
	1.049
	.000
	-.066
	.012
	.937
	.000
	.385
	.004
	1.470
	.000

	Corporation
	1.185
	.006
	3.269
	.000
	.597
	.011
	1.816
	.000
	-.119
	.007
	.888
	.000

	Think Tank
	-1.995
	.034
	.136
	.000
	-1.546
	.038
	.213
	.000
	-1.914
	.020
	.147
	.000

	Public (Ref.)
	–
	–
	1.000
	–
	–
	–
	1.000
	–
	–
	–
	1.000
	–

	Topic Attributes

	Topic 1
	1.692
	.022
	5.430
	.000
	.966
	.025
	2.627
	.000
	1.467
	.012
	4.336
	.000

	Topic 2
	.604
	.023
	1.829
	.000
	.739
	.025
	2.095
	.000
	.847
	.012
	2.332
	.000

	Topic 3
	1.042
	.022
	2.835
	.000
	.561
	.025
	1.753
	.000
	.772
	.012
	2.164
	.000

	Topic 4
	1.669
	.022
	5.306
	.000
	1.113
	.025
	3.042
	.000
	1.060
	.012
	2.887
	.000

	Topic 5
	.647
	.023
	1.910
	.000
	.475
	.026
	1.607
	.000
	.380
	.012
	1.463
	.000

	Topic 6
	.318
	.027
	1.375
	.000
	.489
	.028
	1.630
	.000
	.662
	.013
	1.938
	.000

	Topic 7
	.016
	.028
	1.016
	.556
	-.133
	.031
	.876
	.000
	-.413
	.016
	.662
	.000

	Topic 8 (Ref.)
	–
	–
	1.000
	–
	–
	–
	1.000
	–
	–
	–
	1.000
	–


Poisson regression models (Table S5-2) estimated using identical specifications produced substantively consistent results with the Negative Binomial models in terms of effect direction and statistical significance, supporting the robustness of the reported actor and topic effects.
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