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Abstract

We present the first cross-platform computa-
tional analysis of Al-sustainability discourse
across LinkedIn, X, and Bluesky, using 52,102
posts collected over 15 months. Combining
RoBERTa-based sentiment classification with
BERTopic topic modeling, we identify 36
topics and compare sentiment, topic distribu-
tions, and engagement across platforms. Over-
all, 43.98% of posts are positive, 40.16% neu-
tral, and 15.86% negative. Sentiment varies by
topic rather than by platform: corporate and
Al-potential themes are mostly positive, while
resource-cost topics carry the highest nega-
tive sentiment. Topic distributions differ sig-
nificantly across platforms: LinkedIn focuses
on corporate sustainability, X on hardware and
cryptocurrency, and Bluesky on environmen-
tal resource costs. Niche topics consistently at-
tract more engagement than high-volume ones.
These findings have implications for how orga-
nizations and policymakers communicate about
Al-sustainability, as topic framing and platform
audience composition shape public discourse
more than platform selection alone. We release
the annotated dataset to support future research.

1 Introduction

Artificial intelligence (Al), including generative Al
(GenAl), is a major force shaping decision-making,
organizations, and everyday life (Maslej et al.,
2024; Polak and Anshari, 2024). In 2024, 78% of
organizations reported the usage of Al, which is
23% higher than 2023 usage (55%) (Maslej et al.,
2025). At the same time, rising concern about cli-
mate change has drawn attention to the environ-
mental impact of digital technologies (Patterson
et al., 2021; Strubell et al., 2019). The Information
and Communication Technology sector accounts
for 1.5-4% of global greenhouse gas emissions,
comparable to the aviation industry, with data cen-
ters and transmission networks consuming 1-2%
of the world’s total electricity (Bieser et al., 2023).
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Training and deploying Al systems require signifi-
cant energy and infrastructure, leading to growing
debates about sustainability (Rillig et al., 2023; Liu
and Yin, 2024). Particularly, Al systems shape cli-
mate discourse (Biswas et al., 2026), with recent
work showing how large language models reflect
particular opinions and framings about environmen-
tal issues (Locatelli et al., 2025; Zaghouani et al.,
2026). This creates a recursive dynamic: Al both
discusses and embodies sustainability challenges.
Understanding how these concerns manifest in pub-
lic discourse across social media platforms is es-
sential for assessing public attitudes, understanding
levels of concern, and informing responsible Al
governance.

Social media platforms play a central role in
shaping this discussion. They reflect public opinion
and influence it through algorithms, design features,
and user communities (Boyd and Ellison, 2007;
Cinelli et al., 2021). Computational social science
research has used social media data to explore pub-
lic views on emerging technologies, applying meth-
ods such as sentiment analysis and topic modeling
(Lazer et al., 2009; Tsur and Rappoport, 2012).
Prior studies on Al discourse demonstrate both op-
timism about innovation and efficiency and con-
cerns about ethics, labor, and governance (Fast
and Horvitz, 2017; Cave et al., 2019). Concerns
about climate change and related debates increas-
ingly appear on social media, where longitudinal
analyses show persistent themes and public con-
cerns (Janaswamy and Blackburn, 2024). However,
research examining Al-sustainability discourse of-
ten focuses on individual platforms (Wang et al.,
2025), leaving unexplored how such conversations
differ across platform ecologies. Platform differ-
ences can produce parallel and conflicting narra-
tives (Madsen, 2022; Klinger et al., 2023), and
newer platforms such as Bluesky further diversify
this landscape by attracting different user commu-
nities with different norms and priorities.
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In this work, we focus on Al-sustainability: the
intersection of environmental and sustainability
concerns with artificial intelligence systems, in-
cluding how users discuss the energy consump-
tion, carbon footprint, and ecological impact of Al
training and deployment. We analyze sentiment,
topics, and engagement of 52,102 posts to under-
stand how platforms shape public discourse in this
domain. Specifically, we explore the following re-
search questions:

e RQ1: How does sentiment toward Al-
sustainability differ across platforms?

* RQ2: (a) What topics emerge around Al-
sustainability? (b) Do these topics differ
across social media platforms? (c) What is
the sentiment associated with each topic?

* RQ3: Which topics generate the highest en-
gagement, measured by likes, in Al sustain-
ability discussions across platforms?

Our contributions are: (1) the first cross-platform
computational analysis of Al sustainability dis-
course across LinkedIn, X, and Bluesky; (2)
evidence that sentiment is fundamentally topic-
dependent rather than platform-dependent, with a
structural divide between infrastructure-cost topics
(e.g., AI Water Consumption Footprint, AI Energy
Power Consumption), which carry substantially
higher negative sentiment (48.4% and 47.4%, re-
spectively), and Al-potential topics, which remain
predominantly positive; and (3) a dataset of 52,102
posts labelled with topic assignments and sentiment
scores, made available for future research.

2 Related Work

Sentiment Analysis. A previous study by
Miyazaki et al. (2024) analyzes a five-year dataset
(2019-2023) of GenAl posts on X, showing that
public discussions of GenAl are led by positive
sentiment. Other Reddit-based studies show that
sentiment changes differently within platform sub-
groups (Xu et al., 2024; Mentzer et al., 2024).
Extending beyond single platforms, Appiah and
Htait (2025) analyze 133K posts from X, YouTube,
and Reddit (2017-2024), finding 46.09% negative,
39.29% neutral, and 14.62% positive sentiments,
though without comparing distributions across plat-
forms. Wang et al. (2025) analyze 104K X posts
about data center energy use, showing an 87.4%
increase in public attention from late 2022 and

a dominant shift from positive to negative senti-
ment. Most directly related to our study, Longo and
Longo (2025) analyze Reddit communities’ views
on Al and the environment, showing that commu-
nity context significantly changes the emotional
tone. Building on this, our work examines how
public sentiment toward Al-sustainability differs
across platforms through cross-platform compari-
son (RQI).

Topical Analysis. Previous work shows that iden-
tical topics spread and are framed differently across
platforms due to their structures and user cultures.
Cinelli et al. (2020) find that identical posts dis-
tribute differently on X, Instagram, YouTube, and
Reddit. Zannettou et al. (2017) track how topics
move between platforms and communities. Clas-
sic affordance studies (Treem and Leonardi, 2013)
link these differences to features such as visibil-
ity, persistence, and post connectivity. Recent work
by Kloo et al. (2024) shows that similar topics
are expressed differently depending on platform
affordances. Xian et al. (2024) combine BERTopic
with sentiment analysis to track temporal patterns
in large-scale LLM discourse across global news
sources. Aldous et al. (2019) further find that
topic distribution of news content vary significantly
across Facebook, Instagram, Twitter, YouTube, and
Reddit. Our study extends this research to social
media discussions of Al-Sustainability Discourse

(RQ2).

User engagement. User engagement on social
media depends on both content and platform fea-
tures. Prior work shows that morally framed topics
increase engagement (Berger and Milkman, 2012;
Stieglitz and Dang-Xuan, 2013), and on LinkedIn,
hashtags, mentions, post age, and follower count
significantly predict reactions (Usera and Durham,
2025). Aldous et al. (2023) further show that en-
gagement levels vary by both topic and platform.
Cross-platform research shows distinct engagement
dynamics (Cinelli et al., 2020), and newer plat-
forms such as Bluesky, can match or exceed X
in engagement for specific topics (Zheng et al.,
2025; Arroyo-Machado et al., 2025). We compare
user engagement per topic to identify which Al-
sustainability topics attract the most interaction

(RQ3).
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3 Data Collection

We developed an English keyword search strategy
using 36 terms in two categories. Category 1 — Al
Models and Technologies (15 terms): “generative
ai”, “genai”, “llm”, “large language model”, “gpt-
37, “gpt-4”, “claude”, “gemini”, “llama”, “bert”,
“transformer model”, “foundation model”, “large
models”, “big ai model”, “ai model training”. Cate-
gory 2 — Environmental and Sustainability Met-
rics (21 terms): “sustainability”, “environmental

. “carbon footprint”, “carbon emissions”,

impact”,
“carbon impact”, “energy consumption”, “energy
energy
2 (13
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energy reduction”, “energy sav-
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energy efficiency”, “energy cost”,
2 ¢ k13

use”,
optimization”,

energy monitoring”, “‘energy aware”, “power
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ing”,

consumption”, “data center energy’’, “sustainable
ai”, “sustainable computing”, “green ai”, “eco-
friendly ai”, “low-carbon ai”. Posts required >1
term from each category, resulting in 315 query

combinations (15 x 21 keywords).

We used Meltwater (https://www.meltwater.
com/), an enterprise media monitoring and social
listening platform, to collect our data. Meltwater
data has been used in previous research (Guo et al.,
2023). We used a case-insensitive boolean search
query combining keywords from both categories
using AND logic. In total, we collected 42,769 so-
cial media datapoints from three social media plat-
forms: LinkedIn (n=20,574), X (n=20,263), and
Bluesky (n=1,932). These platforms were selected
to capture different professional, mainstream, and
emerging discourse around Al-sustainability. The
collection period covered 15 months, from August
5, 2024 to November 5, 2025, inclusive.

To address the limited Bluesky coverage in
the original Meltwater dataset (n=1,932), data
collection was supplemented using the official
AT Protocol API (Bluesky Social, 2024), specif-
ically the app.bsky.feed.searchPosts
endpoint, querying each of the 315 keyword com-
binations with the identical Boolean AND logic
applied in Meltwater and paginating until no fur-
ther results were returned for the same 15 months.
Rate limits were respected using exponential back-
off. This supplementary collection retrieved 14,665
unique posts not previously captured. Following
deduplication across all collection rounds, the con-
solidated Bluesky corpus comprised 16,597 posts,
and the dataset totaled 57,434 posts (LinkedIn:
20,574; X: 20,263; Bluesky: 16,597).

4 Methods

Sentiment Analysis. We used a RoBERTa-
based sentiment classifier fine-tuned on social
media text (Loureiro et al., 2022). Specifically,
we applied the “cardiffnlp/twitter-roberta-base-
sentiment-latest” model (Barbieri et al., 2020),
which classifies content as positive, neutral, or neg-
ative and returns a confidence score for each label.
This model was selected over lexicon-based ap-
proaches because transformer-based models have
been shown to substantially outperform rule-based
methods on short social media text (?); limitations
related to cross-platform domain transfer are dis-
cussed in Section 8.

Topical Modeling. We modeled topics across
all platforms together so that the same topic
labels could be used to compare platforms
directly. We applied BERTopic (Grootendorst,
2022) with all-mpnet-base-v2 embeddings,
UMAP dimensionality reduction (n_neighbors =
15, cosine metric), and HDBSCAN clustering
(min_cluster_size = 260, ~0.5% of corpus). Fol-
lowing initial clustering, 48.8% of documents were
assigned to the outlier class (topic —1) and re-
assigned using BERTopic’s reduce_outliers
function with the ‘‘embeddings’’ strategy
(threshold=0.0), which assigns each outlier
to its nearest topic by cosine similarity between
document and topic centroid embeddings. The fi-
nal model contains 36 distinct topics (CV coher-
ence = 0.66, topic diversity = 0.91). As BERTopic
outputs are sensitive to embedding choice and hy-
perparameter settings (Grootendorst, 2022), full
configuration details are reported in Appendix A
to support replication and alternative parameterisa-
tions. Topic quality was validated through author
review of terms and representative documents.

A Pearson chi-squared test was applied to the
3 x 36 platform-by-topic contingency table to as-
sess whether topic distributions differ significantly
across platforms. One zero cell (GenAl Carbon
Footprint Concerns on LinkedIn) was replaced with
0.5 prior to testing, as this topic appeared exclu-
sively on Bluesky and X.

To improve the interpretability of the 36 topics,
we used Claude Sonnet 4.6 to generate concise
human-readable topic labels. For each topic, the
model was prompted with its three representative
documents and top 20 c-TF-IDF keywords using
the following prompt: “I have a topic that con-
tains the following documents: [DOCUMENTS].
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The topic is described by the following keywords:
[KEYWORDS]. Extract a short but highly descrip-
tive topic label of at most 5 words. Format: topic:
“<topic label>." The generated labels were re-
viewed and verified by the authors for accuracy
and consistency. This approach follows recent prac-
tice of using large language models to automate the
labelling of BERTopic topic outputs (Kozlowski
et al., 2024).

Engagement Metrics. Due to the limited cross-
platform engagement metrics available during data
collection, and because each platform calculates
engagement differently, we use the platform-native
like signal as the primary engagement metric: Reac-
tions for LinkedIn (functionally equivalent to likes)
and Likes for X and Bluesky. Table 1 shows the
descriptive statistics. LinkedIn generates the high-
est total engagement (495,041 Reactions; median
= 7.0), followed by X (411,142 Likes; median =
1.0) and Bluesky (123,698 Likes; median = 1.0).
The distributions are heavily right-skewed, with
most posts receiving few likes and a small number
of posts having high engagement. For RQ3, we
compute the median likes per post within each plat-
form and assess topic differences using the Kruskal-
Wallis test (Cha et al., 2010). Engagement metrics
are not normalised by follower count; raw counts
may partly reflect account reach.

Initial Data Cleaning. The raw dataset com-
prised 57,434 posts (LinkedIn: 20,574; X: 20,263;
Bluesky: 16,597). Table 2 summarises each clean-
ing step. Duplicates were removed by URL (568
posts) and by normalized text content (2,948 posts).
Only English posts were retained. Posts with fewer
than ten characters were excluded (108 posts).
We removed posts published within five days of
the collection end date (259 posts), setting the ef-
fective window to August 5, 2024 — October 31,
2025. Posts published within five days of the col-
lection end date were removed because their en-
gagement counts (likes, reactions) would still be
accumulating at the time of collection, produc-
ing artificially low values relative to posts col-
lected earlier in the window and biasing topic-
level engagement comparisons. Accounts exceed-
ing 1% of platform post volume were removed
as bots (Varol et al., 2017): @grok on X (853
posts) and bigearthdata.ai on Bluesky (217
posts). In total, 4,953 posts were removed, result-
ing in 52,481 posts (LinkedIn: 18,956; X: 17,571;
Bluesky: 15,954).

Preprocessing for topic modelling. For using
BERTopic (Grootendorst, 2022), a more aggressive
preprocessing pipeline was applied to reduce noise
and improve embedding quality. Steps applied se-
quentially: (1) URLs removed; (2) user mentions
removed; (3) the hashtag symbol removed while
retaining the associated word; (4) emojis and non-
Latin scripts removed; (5) accented Latin char-
acters transliterated to ASCII equivalents using
unidecode; (6) text lowercased; (7) punctuation
removed; and (8) redundant whitespace normalized.
Posts with fewer than ten words after preprocessing
were excluded (379 posts removed). The final topic-
ready corpus comprised 52,102 posts (LinkedIn:
18,952; X: 17,463; Bluesky: 15,687), with a mean
post length of 53.0 words (median: 57.0; range:
10-92) and a mean of 362.0 characters (max: 432).
The maximum post length reflects Meltwater’s de-
livery of content snippets rather than full post text
for LinkedIn, capping retrieved content at approxi-
mately 425 characters; this is discussed further as
a limitation in Section 8.

Preprocessing for sentiment analysis. We fol-
lowed the official NLP guidelines (Barbieri
et al., 2020) for the cardiffnlp/twitter-roberta-base-
sentiment-latest model (Loureiro et al., 2022): only
URLSs (replaced with $URL$) and mentions (re-
placed with @user) were substituted. All other fea-
tures (emojis, hashtags, punctuation, casing) were
retained to preserve the sentiment signal. No posts
were removed at this step.

5 Results

RQ1: How does sentiment toward
Al-sustainability differ across platforms?

Sentiment analysis of 52,102 posts showed sig-
nificant differences across platforms (y?(4) =
10,549.01, p < 0.001; Table 3). LinkedIn has the
highest positive posts (63.49%), X has the highest
neutral posts (46.89%), and Bluesky has the higes
negative posts (37.22%). In total, positive senti-
ment is the most common (43.98%), followed by
neutral (40.16%) and negative (15.86%).

In answer to RQI, sentiment toward Al-
sustainability differs significantly across platforms,
with LinkedIn reflecting an optimistic professional
outlook, X a more balanced perspective, and
Bluesky a notably more critical stance.
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Platform # Posts Signal Total Mean Median Std
Linkedln 18,952 Reactions 495,041 26.1 7.0 206.2
X 17,463 Likes 411,142 235 1.0 8776
Bluesky 15,687 Likes 123,698 7.9 1.0 1103

Table 1: Posts and likes count per platform.

Top 20 Topics in Al-Sustainability Discourse (all platforms combined)

Al Sustainability Digital Economy Conference I 7.8%

Generative Al Industry Trends I 7.4%
Al Ethics Governance Responsibility I 6.6%
GPU Al Hardware Inference [INNEREGN 5.0%
Al Blockchain Cryptocurrency NG 5.0%
Al Energy Power Consumption [N 4.8%
Data Centre Energy Consumption NN 4.7 %
Large Language Models Energy IS 4.4%
Al Entrepreneurship Green Technology NG, 4.3%
Negative Perceptions of Al NG 8%
Al Environmental Impact Art NG :.6%
Al Water Consumption Footprint NG :.6%
GenAl Sustainability Consulting INREG_G_G_—_—_— 3.4%

GPT Training Energy Costs NG 2 9%
ChatGPT Daily Usage Impact NN > 8%
Quantum Computing Tech Trends NG 2 .4%
Al Renewable Energy Sector NG 2 .4%
Al Climate Change Forecasting NG 1.9%
AWS Cloud Al Services NN 1.6%
Al Reasoning Capital Expenditure NN 1.5%

T
0 1000

T T T
2000 3000 4000

Number of Posts

Figure 1: Top 20 topics in Al-sustainability discourse across all platforms (document count and % of dataset).

Cleaning Step Removed Remaining
Raw dataset — 57,434
Duplicate removal (by URL) 568 56,866
Duplicate removal (by text content) 2,948 53,918
Non-English post removal 0 53,918
Unavailable/deleted post removal 0 53,918
Short post removal (<10 characters) 108 53,810
Recent post removal (>Oct 31, 2025) 259 53,551
Bot/spam account removal 1,070 52,481
Initial data cleaning 4,953 52,481
Preprocessing for topic modelling 379 52,102

Table 2: Data cleaning steps and dataset size.

RQ2: (a) What topics emerge around
Al-sustainability?

Figure 1 shows the 20 largest topics by posts count.
The complete topic list is in Appendix B. The 20
most common topics cover four broad thematic
clusters: corporate and governance framing (e.g.,

Al Sustainability Digital Economy Conference, Al
Ethics Governance Responsibility); environmental
resource costs (e.g., Al Energy Power Consump-
tion, AI Water Consumption Footprint); critical and
sceptical discourse (Negative Perceptions of Al);
and emerging technology (e.g., GPU Al Hardware
Inference, Quantum Computing Tech Trends).

The most common topic is Al Sustainability
Digital Economy Conference (7.8%, n = 4,053),
covering corporate sustainability reporting, digital
economy initiatives, and regional Al governance
events. This is followed by Generative Al Industry
Trends (7.4%, n = 3,872) and Al Ethics Gover-
nance Responsibility (6.6%, n = 3,459). These
three topics account for 21.8% of the corpus, re-
flecting the strong presence of professional, corpo-
rate, and governance framings in Al-sustainability
discourse.

Environmental resource topics are well-
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Platform n Negative (%) Neutral (%) Positive (%)
LinkedIn 18,952 1.77 34.74 63.49
X 17,463 11.96 46.89 41.15
Bluesky 15,687 37.22 39.22 23.56
Total 52,102 8,262 (15.86%) 20,926 (40.16%) 22,914 (43.98%)

Table 3: Sentiment Distribution by Platform.

represented: Al Energy Power Consumption (4.8%,
n = 2,529), Data Centre Energy Consumption
4.7%, n = 2,440), and Al Water Consumption
Footprint (3.6%, n = 1,904) together account
for 13.1% of all posts, confirming that infras-
tructure resource concerns are central to public
Al-sustainability discourse. Negative Perceptions
of Al (3.8%, n = 1,960) and Al Environmental
Impact Art (3.6%, n = 1,904) further reflect the
critical strand of the conversation. Topics such as
GPU Al Hardware Inference (5.0%) and Large
Language Models Energy (4.4%) reflect the tech-
nical side of the discourse. Al Entrepreneurship
Green Technology (4.3%) sits at the intersection
of business and sustainability concerns. Niche
but emerging topics such as Quantum Computing
Tech Trends (2.4%), AI Renewable Energy Sector
(2.4%), and Al Climate Change Forecasting (1.9%)
suggest that the discourse is expanding beyond
generative Al into related technology areas.

In answer to RQ2(a), Al sustainability discourse
centres on four themes: corporate and governance
framing, environmental resource costs, critical dis-
course, and emerging technology, with professional
and governance topics being the most common.

RQ2: (b) Do these topics differ across social
media platforms?

Topic distributions differ significantly across plat-
forms (x?(70) = 27,699.48, p < 0.001), with
each platform showing a distinct thematic profile,
as shown in Table 4.

LinkedIn is driven by professional and corpo-
rate themes: Al Sustainability Digital Economy
Conference (14.3%) and Generative Al Industry
Trends (13.6%) are the two most prevalent top-
ics, collectively accounting for 27.9% of LinkedIn
posts, consistent with its professional networking
context.

X is driven by technology and finance themes:
Al Blockchain Cryptocurrency (13.3%) and GPU
Al Hardware Inference (9.2%) are the two most

prevalent topics, collectively accounting for 22.5%
of X posts, consistent with its role as a space for
technology and market discourse.

Bluesky is driven by environmental and critical
themes: Al Energy Power Consumption (13.4%),
Negative Perceptions of Al (10.9%), Al Water Con-
sumption Footprint (10.8%), and Al Ethics Gov-
ernance Responsibility (10.8%) are the four most
prevalent topics, collectively accounting for 45.9%
of Bluesky posts, consistent with its user base’s
focus on the environmental costs and governance
concerns around Al

In answer to RQ2(b), Al sustainability topics dif-
fer substantially across platforms, shaped by each
platform’s distinct user culture and context.

RQ2: (c) What is the sentiment associated with
each topic?

Figure 2 presents the ROBERTa sentiment distri-
bution across the top 20 topics. Sentiment varies
substantially by topic, confirming that platform-
level patterns reported in RQ1 are driven by topi-
cal composition rather than platform culture alone.
Topics centred on environmental resource costs and
Al criticism carry the highest negative proportions:
Al Environmental Impact Art and Negative Percep-
tions of Al show the most negative distributions,
followed by Al Water Consumption Footprint, Al
Energy Power Consumption, ChatGPT Daily Us-
age Impact, GPT Training Energy Costs, and Data
Centre Energy Consumption, all of which exceed
10% negative posts. By contrast, AWS Cloud Al
Services, Quantum Computing Tech Trends, and
Al Renewable Energy Sector are the most posi-
tively framed topics, each exceeding 60% positive,
consistent with their association with technologi-
cal opportunity and innovation. Generative Al In-
dustry Trends and Al Sustainability Digital Econ-
omy Conference are also mostly positive, reflecting
the corporate and professional framing dominant
on LinkedIn. Al Ethics Governance Responsibility
shows a more balanced distribution, reflecting the
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Bluesky (n=15,687) LinkedIn (n=18,952) X (n=17,463)
Al Energy Power Consumption 13.4 Al Sustainability Digital Econ. Conf.  14.3 Al Blockchain Cryptocurrency 133
Negative Perceptions of Al 10.9  Generative Al Industry Trends 13.6 GPU Al Hardware Inference 9.2
AI Water Consumption Footprint 10.8 Al Ethics Governance Responsibility 6.5 Generative Al Industry Trends 6.5
Al Ethics Governance Responsibility  10.8 Al Entrepreneurship Green Tech. 6.5 Large Language Models Energy 5.8
Data Centre Energy Consumption 7.9  GenAl Sustainability Consulting 4.6 Al Sustainability Digital Econ. Conf. 5.2

Table 4: Top 5 topics per platform by percentage of platform posts.

Positive  Neutral — Negative

Al Environmental Impact Art - 6 - 35 EE
Negative Perceptions of Al- 7 - 25 B
Al Water Consumption Footprint- 8 - -]
Al Energy Power Consumption - 9 E E
ChatGPT Daily Usage Impact - 11 - -
GPT Training Energy Costs - 20 - 13
Data Centre Energy Consumption- 29 JET - 17
Large Language Models Energy - 30 - - 18
Al Reasoning Capital Expenditure - 37 ] - 13
GenAl Sustainability Consulting -/ 50 E - 4
Al Ethics Governance Responsibility -[7050 - 43 - 7
Al Entrepreneurship Green Technology -1 51 ] E 1
Al Blockchain Cryptocurrency 052 - - 3
Al Climate Change Forecasting -| - 40 - 4
GPU Al Hardware Inference I - 37 - 3
Generative Al Industry Trends S - 36 - 2
Al Sustainability Digital Economy Conference -JEER - 34 - 3
Al Renewable Energy Sector -l - 34 -1
Quantum Computing Tech Trends - 26 - 2
AWS Cloud Al Services - 24 -1
0 \ \
positive  neutral negative

Figure 2: RoBERTa sentiment (%) distribution for the
top 20 topics

contested nature of Al governance debates.

In answer to RQ2(c), sentiment is strongly tied
to topic: topics framing Al as a technological op-
portunity are predominantly positive, and topics
foregrounding environmental and resource costs
are predominantly negative.

RQ3: Which topics generate the highest
engagement, measured by likes, in AI
sustainability discussions across platforms?

A Kruskal-Wallis test confirms that engagement
differs significantly across topics on all three
platforms: Bluesky (H = 666.12, p < 0.001),
LinkedIn (H = 785.60, p < 0.001), and X
(H = 536.52, p < 0.001). Table 5 shows the top 5
topics by median likes per platform.

On Bluesky, the three most engaging topics are
GenAl Carbon Footprint Concerns, GenAl Environ-
mental Artist Impact, and Al Environmental Impact
Art (all median = 2.0), reflecting its user base’s
focus on environmental criticism.

On X, Al Blockchain Cryptocurrency generates
the highest median likes (8.0), followed by Quan-
tum Computing Tech Trends (6.0) and AWS Cloud
Al Services, I Reasoning Capital Expenditure, Al
Healthcare Ecology Public Health (all median =
4.0), reflecting its technology and finance audience.

On LinkedlIn, Al Circular Economy Packaging

is the most engaging topic (median = 18.5), fol-
lowed by Al Precision Agriculture Food and Al
Sustainability Digital Economy Conference (both
median = 15.0). Notably, Al Sustainability Digital
Economy Conference, the most common topic on
LinkedIn (22.9%), ranks only third in engagement,
confirming that topic popularity does not predict
engagement (Aldous et al., 2019).

In answer to RQ3, the topics that generate the
highest engagement are not the most common ones
on any platform, suggesting that niche topics attract
more interaction than broadly discussed ones. En-
gagement patterns are also platform-specific, with
LinkedIn showing the highest median engagement
overall and Bluesky the lowest, reflecting differ-
ences in audience size and platform culture.

6 Discussion

Our analysis of 52,102 posts across LinkedIn, X,
and Bluesky resulted in three main findings: sen-
timent in Al-sustainability discourse is driven by
topic rather than platform; each platform hosts a
structurally distinct thematic profile; and niche top-
ics consistently generate more engagement than
high-volume ones.

Topic-Dependent Sentiment. Sentiment in Al-
sustainability discourse is structured by topic rather
than by platform. This extends Longo and Longo
(2025), who showed on Reddit that community
context shapes emotional tone: our cross-platform
comparison demonstrates that even across com-
munities with very different norms, topic remains
the controlling driver. It also builds on Wang et al.
(2025), who documented a shift toward negative
sentiment in X posts about data center energy: our
data show that this negativity extends beyond X and
is tied to the topic itself rather than to any single
platform. The overall positive aggregate (43.98%)
should therefore not be taken as representative of
the full discourse, as it reflects the high volume of
positively-framed corporate and governance topics
rather than a uniform positive outlook across all
Al-sustainability themes.
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Bluesky X LinkedIn
GenAl Carbon Footprint Concerns 2.0 Al Blockchain Cryptocurrency 8.0 Al Circular Economy Packaging 18.5
GenAl Environmental Artist Impact 2.0  Quantum Computing Tech Trends 6.0 Al Precision Agriculture Food 15.0
Al Environmental Impact Art 2.0 AWS Cloud AI Services 4.0 Al Sustainability Digital Econ. Conf.  15.0
Quantum Computing Tech Trends 1.0 Al Reasoning Capital Expenditure 4.0 Al Healthcare Ecology Public Health  14.0
Al Precision Agriculture Food 1.0 Al Healthcare Ecology Public Health 4.0 ~AWS Cloud AI Services 12.0

Table 5: Top 5 topics by median likes per post for each platform. Med. = median likes.

Platform-Specific Topic Distributions. The sig-
nificant difference in topic distributions across
platforms (x?(70) = 27,699.48, p < .001) di-
rectly explains the platform-level sentiment differ-
ences reported in RQ1. LinkedIn appears optimistic
(63.49% positive) not because its users are more
favorable toward Al sustainability, but because it
hosts topics with mostly positive framing. Bluesky
appears critical (23.56% positive) because it hosts
topics with mostly negative framing. This builds
on Kloo et al. (2024), who showed that similar top-
ics are expressed differently across platforms: our
results go further, showing that platforms host dif-
ferent conversations altogether rather than different
framings of the same ones.

The Bluesky composition is partially explained
by documented user migration. Chang et al.
(2023) showed that nearly 50% of environmentally-
oriented X users became inactive following the
platform’s ownership change, and Kleppmann et al.
(2024) and Balduf et al. (2024) document that many
migrated to Bluesky. A direct consequence is that
business leaders monitoring Al-sustainability dis-
course through LinkedIn and X are exposed to a
more optimistic information environment than the
full cross-platform conversation reflects, with po-
tential consequences for risk assessment.

Niche Topics Drive Engagement. Across all
three platforms, niche topics consistently generate
higher per-post engagement than high-volume ones,
a pattern that is statistically robust (Kruskal-Wallis:
Bluesky H = 666.12; LinkedIn H = 785.60; X
H = 536.52; all p < .001) and consistent with Al-
dous et al. (2019, 2023), who found that topic popu-
larity does not predict engagement, and with Bruns
et al. (2016), who showed that specialized con-
tent outperforms generic content. Two mechanisms
likely explain this. First, saturation: high-volume
topics are discussed so frequently that individual
posts offer diminishing novelty (Astvansh, 2024).
Second, specificity: niche topics deliver targeted
value to focused communities, producing stronger
per-post interaction.

Practical Implications. Three implications fol-
low directly from the results. First, topic framing
is the primary lever for shaping audience senti-
ment, not platform selection: framing Al energy
use around industry trends resulted in 62% pos-
itive posting across platforms, while framing it
around resource costs resulted in 47-48% nega-
tive posting regardless of platform. Second, plat-
form audiences differ in their baseline informa-
tion environment, LinkedIn and X users encounter
a more optimistic discourse than Bluesky users,
which practitioners and policymakers should ac-
count for when selecting platforms for outreach or
sampling public opinion. Third, sector-specific con-
tent outperforms generic Al-sustainability content
in per-post engagement, suggesting targeted strate-
gies: circular economy and agriculture framing on
LinkedIn, technology and finance angles on X, and
environmental impact framing on Bluesky.

7 Conclusion

We analyzed 52,102 posts across LinkedIn, X, and
Bluesky over 15 months. Three findings stand
out. Sentiment is topic-dependent, not platform-
dependent: corporate and Al-potential topics are
positive everywhere; infrastructure-cost topics are
negative everywhere. Topic distributions differ sig-
nificantly across platforms: LinkedIn favours cor-
porate sustainability, X hardware and cryptocur-
rency, and Bluesky environmental resource con-
cerns. Niche topics consistently outperform high-
volume topics in engagement, supporting platform-
specific over uniform content strategies. These
findings ground communication strategies for Al-
sustainability discourse.

8 Limitations

Platform and Language Scope. The corpus cov-
ers only English-language content from three
platforms (X, Bluesky, and LinkedIn) over 15
months, limiting generalizability to other plat-
forms, non-Western contexts, and non-English
Al-sustainability discourse. Bluesky’s user com-
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position skews toward technology-critical and
environmentally-conscious communities, which
may overrepresent environmental concern relative
to the broader public. Expanding to platforms such
as Facebook, TikTok, or Reddit could result differ-
ent topical and sentiment patterns.

Data Collection. Posts were collected using
Meltwater and supplemented by the Bluesky AT
Protocol API, and the two routes rely on different
crawling infrastructures with their own indexing
and rate limits, meaning coverage is not guaran-
teed to be equivalent and may introduce platform-
specific collection biases. The AT Protocol collec-
tion may over-represent posts from users with high
post volumes, and any posts deleted between publi-
cation and retrieval would be absent from the cor-
pus. We used only publicly available data; private
posts and restricted accounts are not represented,
which may skew the observed distributions. Fur-
thermore, the keyword list may not have captured
all relevant discourse, as posts discussing Al sus-
tainability using different terminology or framing
may have been missed, introducing a selection bias
toward more explicitly labelled content. Finally,
Meltwater delivers content snippets rather than full
post text, capping retrieved content at 91 words af-
ter preprocessing. This may systematically exclude
substantive content from longer LinkedIn posts,
where native post length can reach approximately
3,000 characters, potentially affecting both topic
assignments and sentiment classifications for that
platform.

Engagement Metrics. Engagement is measured
using like counts only, as comments, shares, and
views were not consistently available across all
three platforms. This limits the scope of engage-
ment analysis and may not capture the full range
of audience interaction. Furthermore, engagement
varies substantially by account reach, but follower
counts were not available for all posts, and not
all posts were associated with identifiable account
names, precluding follower-normalised engage-
ment analysis.

Methodological Choices. The 36-topic granu-
larity reflects a deliberate hyperparameter choice
(min_cluster_size = 260) rather than a ground truth
partition of the discourse; different parameter val-
ues would yield different topic structures (Groo-
tendorst, 2022). Engagement is used as a proxy
for content resonance, though high engagement
may reflect controversy or algorithmic amplifica-
tion rather than genuine audience interest. Auto-

mated account detection beyond the 1% volume
threshold applied during preprocessing was not
performed, which may allow residual automated
content to influence engagement and sentiment dis-
tributions.

Sentiment Classifier. The cardiffnlp/twitter-
roberta-base-sentiment-latest model was trained on
Twitter data and is applied here to LinkedIn and
Bluesky without domain adaptation or recalibra-
tion (Barbieri et al., 2020; Loureiro et al., 2022).
LinkedIn’s formal professional register differs sub-
stantially from Twitter conventions, and the ob-
served LinkedIn negative rate (1.77%) may partly
reflect underprediction of negative sentiment in
formal text rather than platform sentiment alone.
Platform-stratified human annotation was not fea-
sible within the scope of this study; future work
should validate classifier performance per platform
and assess whether the reported topic-level senti-
ment patterns are robust to recalibration.

9 [Ethical Considerations

This study was conducted under institutional ethics
review board approval. We analyzed publicly avail-
able social media posts related to Al-sustainability
discourse. Data were collected via Meltwater in ac-
cordance with platform terms of service and institu-
tional licensing agreements, without web scraping
or circumvention of platform safeguards. We dis-
tinguish between platform-level consent, granted
through users’ acceptance of platform terms, and
informed consent in the research ethics sense. Be-
cause this study involves large-scale secondary
analysis of publicly accessible content, obtaining
individual consent was not feasible. To minimize
potential harms, analyses are conducted exclusively
at the aggregate level. We do not identify, profile, or
quote individual users in ways that would enable re-
identification, and findings are reported at the level
of platforms and topics rather than individuals.
Data are stored securely with restricted ac-
cess and are used solely for analysis and verifi-
cation. Publicly shared materials do not include
raw or user-level data. Our dataset contains pub-
licly posted content, some of which includes self-
disclosed personal information (e.g., locations). Al-
though posts were public at the time of collection,
we follow these guidelines: (1) presenting only ag-
gregate statistics, (2) not sharing raw data publicly
to prevent re-identification, and (3) storing data
securely with limited access. Users may not have
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anticipated research use; we minimize privacy risks
through aggregation and anonymization in report-
ing.

Beyond privacy, we considered potential down-
stream risks of this work. Results could be misused
to optimize greenwashing strategies or amplify mis-
information. We mitigate these risks by contextu-
alizing findings, avoiding prescriptive engagement
optimization guidance, and emphasizing that en-
gagement metrics do not imply factual accuracy.

Although individual participants did not directly
consent to this research, the study serves a broader
public interest by documenting how environmental
concerns about Al are expressed across different
online communities. The findings contribute to in-
formed debate on Al sustainability and responsible
technology governance.

10 Data Availability

The dataset used in this study was collected via
the Meltwater platform from LinkedIn, X, and
Bluesky using the keyword query described in
Section 3. The dataset can be requested through
a controlled-access process at https://forms.gle/
YUFdA16R6HkSZjp88
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A BERTopic Implementation Details

Documents were embedded using the
all-mpnet-base-v2 sentence trans-
former (Reimers and Gurevych, 2019), which
produces 768-dimensional embeddings. Em-
beddings were reduced to five dimensions
using UMAP (Mclnnes et al., 2018) with
n_neighbors = 15, min.dist = 0.0, cosine
similarity metric, and random_state = 42. Clus-
tering was performed with HDBSCAN (Mclnnes
et al.,, 2017) with min_cluster_size = 260,
min_samples = 10, Euclidean metric, and EOM
cluster selection. Topic representations were re-
fined using a CountVectorizer with English
stop words, min_df = 5, max df = 0.85, and
ngram_range = (1, 2). Additional representations
were generated via KeyBERTInspired, Maximal
Marginal Relevance (MMR, diversity= 0.3), and
Part-of-Speech tagging using spaCly.

B Complete Topic List

Table 6 presents the full set of 36 topics identified
by BERTopic, ordered by document count. Topic
labels were generated using Claude Sonnet 4.6 by
prompting the model with each topic’s three rep-
resentative documents and top 20 c¢-TF-IDF key-
words. All labels were reviewed and verified by the
authors for accuracy and domain relevance. The
top five c-TF-IDF keywords per topic are provided
for reproducibility. Platform columns report the
percentage of each platform’s posts assigned to
that topic, enabling cross-platform comparison of
topical prevalence.
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Table 6: Complete list of 36 topics identified by BERTopic. Topics are sorted by document count.

ID Claude Topic Label N % Top Keywords LinkedIn % Bluesky % X %
0 Al Sustainability Dig- 4,053 7.8 sarawak, idecs25, genai sustain- 14.3 2.7 5.2
ital Economy Confer- ability, digitaleconomy, sustain-
ence ability greentech
7  Generative Al Industry 3,872 7.4  shaping, ai generative, skills, 13.6 1.0 6.5
Trends content creation, ai trends
8 Al Ethics Governance 3,459 6.6 governance, ethical ai, responsi- 6.5 10.8 3.0
Responsibility ble ai, suno, song suno
4  GPU Al Hardware Infer- 2,601 5.0  gpu, inference, gpus, chip, mem- 3.7 1.8 9.2
ence ory
1 Al Blockchain Cryp- 2,590 5.0 crypto, decentralized, web3, btc, 0.7 09 133
tocurrency earn
10 AI Energy Power Con- 2,529 4.8 ai energy, power consumption, 0.8 13.4 1.6
sumption electricity, nuclear, fossil
5 Data Centre Energy 2,440 4.7 centres, data centres, electricity, 3.1 7.9 3.5
Consumption datacenters, center energy
2 Large Language Models 2,288 4.4 models llms, slms, small lan- 3.6 3.8 5.8
Energy guage, smaller, energy cost
24 Al  Entrepreneurship 2,245 4.3  entrepreneurship, entrepreneur- 6.5 1.2 4.7
Green Technology ship businessstrategy,
datadriven  greentech, iot
bigdata, futureready datadriven
11 Negative Perceptions of 1,960 3.8  bad, theft, negative, water usage, 0.5 10.9 0.8
Al hate
3 Al Water Consumption 1,904 3.6  water usage, water use, water 0.5 10.8 0.6
Footprint consumption, ai water, freshwa-
ter
9  AI Environmental Im- 1,904 3.6 ai environmental, artists, ai art, 0.8 5.5 5.1
pact Art explained generative, explained
22 GenAl Sustainability 1,750 3.4 genai sustainability, gener- 4.6 1.0 4.1
Consulting ativeai  genai, capgemini,
sustainability generative, energy
demands
17  GPT Training Energy 1,494 2.9 training large, ai energy, like gpt, 1.7 2.8 4.2
Costs training gpt, consumes
6  ChatGPT Daily Usage 1,464 2.8 query, use chatgpt, coworker, 0.7 6.0 2.2
Impact told, google search
14 Quantum Computing 1,261 2.4 quantum, quantum computing, 3.2 0.9 2.9
Tech Trends tech trends, quantumcomputing,
shaping
15 AI Renewable Energy 1,248 2.4 energy sector, grid, solar, ai en- 3.1 2.3 1.6
Sector ergy, nuclear
32 Al Climate Change 1,010 1.9 climate change, ai -climate, 2.0 2.8 1.1
Forecasting weather, geospatial, forecasting
35 AWS Cloud AI Services 818 1.6 aws, palantir, amazon web, web 2.7 0.3 1.5
services, pltr
33 AI Reasoning Capital 798 1.5 capex, reasoning, asi really, rea- 0.8 0.4 33
Expenditure soning model, dyson spheres
16 GenAl Environmental 797 1.5 impact genai, use genai, using 0.6 2.6 1.6
Artist Impact genai, genai environmental, bad
13 Al Healthcare Ecology 793 1.5 ecology, publichealth, ai health- 1.8 1.8 1.0
Public Health care, medicine, cancer
21 Al Retail Consumer Per- 761 1.5 retail, brands, customer, brand, 3.0 0.5 0.7
sonalisation experiences
26 Al Manufacturing 751 1.4 maintenance, manufacturers, 2.8 0.4 0.9
Robotics robotics, robots, siemens
19 Al Inference Efficiency 704 1.4  text prompt, median, efficiency 0.4 0.8 29
Benchmarking important, gemini apps, ai effi-
ciency
12 Al Precision Agricul- 683 1.3  agriculture, food, farming, farm- 2.1 1.1 0.6
ture Food ers, agricultural
18  DeepSeek Chinese Al 680 1.3 chinese, rl, deepseek rl, 1.1 0.9 1.9
Models deepseek ai, world brain
34 Mobile Al Chip Effi- 671 1.3  apple, chip, flash, mobile, gem- 1.4 0.4 1.9

ciency

ini ai
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Table 6 continued

ID Claude Topic Label N % Top Keywords LinkedIn % Bluesky % X %

20 Al Supply Chain Logis- 662 1.3  supply chain, procurement, lo- 2.8 0.4 0.4
tics gistics, supply chains, chains

30 AI Circular Economy 649 1.2 packaging, recycling, bert, cir- 23 0.7 0.6
Packaging cular, chemistry

28 Al Finance Fintech 638 1.2 finance, fintech, banking, insur- 2.2 0.3 0.9
Banking ance, financial services

27 Al Smart Cities Urban 630 1.2 mobility, cities, urban, trans- 1.9 0.7 1.0
Mobility portation, city

23 Al Construction Real 600 1.1 construction, estate, real estate, 2.1 0.6 0.7
Estate buildings, architecture

25 Al Fashion Sustainabil- 527 1.0 fashion, cutt, cutt ly, ly, luxury 1.5 1.2 0.4
ity

31 GenAl Carbon Foot- 451 0.9 scary, aside, footprint genera- 0.0 0.2 23
print Concerns tive, attracts, guy

29  1-Bit LLM CPU Infer- 417 0.8 bitnet, cpp, sourced, blazing, 0.5 0.1 1.8

€nce

blazing fast
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