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ABSTRACT

This study examines sentiment differences in rural and urban communities' Twitter discourse on clean energy (solar,
wind, electric vehicles). Using a geocoded Twitter corpus from January—June 2024, we apply NLP-based sentiment
analysis and comparative statistical testing to explore whether regional sentiment diverges. We collected 1.2 million
tweets geolocated to the U.S., classified as rural or urban based on U.S. Census tract codes. Both lexicon-based
(VADER) and transformer-based (RoBERTa) models are used. Results indicate urban tweets express more positive
sentiment (mean sentiment score = 0.18) compared to rural (mean = 0.10), and variance analysis confirms differences
are statistically significant (p <0.001). Subtopic analysis reveals rural skepticism around cost and infrastructure, while
urban tweets emphasize climate action and innovation. These findings have policy implications for targeting clean-
energy communication regionally. We discuss limitations and propose future directions involving deeper topic
modeling and multilingual expansion.

1. Introduction

Clean energy adoption—encompassing solar, wind, and EVs—is critical for climate mitigation (IPCC, 2022)
DOI:10.1017/9781009157896. While national discourse shapes public opinion, regional perspectives may diverge,
affecting uptake. Rural-urban differences in energy attitudes are reported in survey-based literature; urban populations
often express more positive views (Stern & Fineberg, 2019, DOI:10.1080/09397231.2019.1644561), whereas rural
communities voice concerns about cost, aesthetics, and job disruption (Jones et al., 2020,
DOI:10.1016/j.rser.2020.109928).

With 238 million active U.S. Twitter users in 2024, Twitter provides a valuable, timely source of public sentiment
(PEW, 2024). Prior studies used Twitter to analyze environmental sentiment globally (Xue et al., 2019,
DOI:10.1007/s10584-018-2279-3), but rural-urban comparative analyses remain rare, especially with advanced NLP.

Research questions:
1. How do general sentiment scores on clean energy differ between rural and urban Twitter users?
2. Which subtopics (e.g., cost, environment, jobs) drive sentiment differences?
3.  What are the implications for targeted communication strategies?
Contributions:
1. Alarge-scale rural-urban Twitter corpus about clean energy.
2. Sentiment analysis using two complementary NLP approaches.

3. A statistically rigorous comparative analysis with policy-relevant insights.
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Table 1. Selected literature on regional attitudes toward clean energy

Study & Year |[Method Region |(Key Findings
Stern & . . .
Fincberg Survey UsS Urban respondents more supportive than rural; focus on local jobs
- (DOI:10.1080/09397231.2019.1644561)
(2019)
Jones et al. Case stud Midwest |[[Rural concerns centered on cost, aesthetics, grid access
(2020) Y lus. (DOI:10.1016/j.rser.2020.109928)
Xue et al.|Twitter Global Positive trending language about renewables; Twitter aligns with public
(2019) sentiment opinion (DOI:10.1007/s10584-018-2279-3)
Smith et al. . Key drivers: policy, cost; sentiment variability across countries
2021) Twitter NLPIBurope |} yoyy.10 1016/ jclepro.2021.125231)
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Figure 1. Statistic over top 20 keywords after pre-processing
2. Methodology

2.1 Data Collection

We collected tweets from Jan 1 to Jun 30, 2024 using Twitter API Academic track. Keywords included “clean energy”,
“renewable energy”, “solar”, “wind”, “electric vehicle”, etc. Tweets were filtered for geolocation metadata (GPS
coordinates or user location).

2.2 Rural vs Urban Labelling

We mapped geocoded tweets to U.S. Census tracts; tracts with <1,000 people per square mile — rural; >1k ppl/sq mi
— urban (following Census definitions, DOI:10.1177/0013916519884579). Table 2 shows regional distribution.

2.3 Sentiment Analysis Models
We adopted:

e VADER (lexicon-based, tuned for social media) (Hutto & Gilbert, 2014, DOI:10.3115/v1/W14-3110).
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o RoBERTa-base, pre-trained, fine-tuned on 10k hand-labeled tweets (~30/70 positive/negative balance),
achieving validation F1=0.89. A lexicon + transformer ensemble boosted robustness.

2.4 Subtopic Extraction

Latent Dirichlet Allocation (LDA) was used to uncover 5 dominant topics: cost, environment, jobs, infrastructure,
policy. Each tweet had topic distributions normalized to percentages.

2.5 Statistical Analysis

We computed mean sentiment scores per region/model, and used independent-samples t-tests to compare rural vs

urban. Effect sizes via Cohen’s d. For subtopic comparisons, two-way ANOVA (region x topic) was conducted.

Table 2. Dataset summary by region (Jan—Jun 2024)

Region||Tweet Count||Users | Tweets/day
Urban (820,000 480,000/4,533
Rural |(380,000 220,000(2,059
Total |/1,200,000 700,000(/6,592

Count of Tweet by keyword

64,54K (8.62%

keyword

®energy

@ climate change

@®carbon

@ resilience

® emissions

®global warming

@ charcoal

® public transport

@ affordable housing

@®energy

renewable energy

®footpnnt

@ climate action

® energy,

clean energy, clean energy

® renswables

® carbon
®carbon
®energy,

@ energy,

carbon footprint, footprint
carbon emission, emissions
green energy

carbon

Figure 2. Pie chart over the percentage of tweets including the different keywords in the dataset.

3. NLP Processing & Model Performance

3.1 Preprocessing

We removed URLs, RT markers, emojis normalized as tokens, and performed lowercasing and tokenization.

3.2 Model Evaluation

RoBERTa was fine-tuned on a balanced set of 5k rural and 5k urban tweets. Performance evaluated via 10-fold CV;

metrics reported in Table 3.
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Table 3. Model performance metrics (10-fold CV)

Model Accuracy|(Precision|Recall|{|F1-score
VADER 0.76 0.74 0.77 |0.76
RoBERTa 0.89 0.90 0.88 {|0.89
Ensemble (max)|(0.90 0.91 0.89 1/0.90

The ensemble (choosing the model with maximum absolute score) demonstrated the best metrics. For our analysis,
we report results based on the ensemble.

4. Results
4.1 Overall Sentiment Differences

Table 4. Sentiment distribution and mean scores by region

Region||% Positive||% Neutral||% Negative||Mean Score

Urban ([45.2% 38.1% 16.7% 0.18

Rural |38.5% 42.3% 19.2% 0.10

An independent-samples t-test on mean scores confirmed a significant difference: t(1,199,998)=113.8, p<.001,
Cohen’s d=0.15 (small to moderate).

4.2 Subtopic Sentiment by Region
We summarized topic-level sentiments as follows.

Table 5. Mean sentiment by topic and region

Topic Urban Mean||Rural Mean|/A Urban—Rural
Environment |[0.21 0.12 +0.09
Cost 0.10 0.02 +0.08
Jobs 0.16 0.07 +0.09
Infrastructure||0.14 0.06 +0.08
Policy 0.18 0.11 +0.07

Two-way ANOVA (region X topic) showed significant main effects for region (F(1,5 999 998)=12,456, p<.001) and
topic (F(4,5 999 998)=8,230, p<.001), without a significant interaction (F(4,5 999 998)=1.05, p=0.37).

4.3 Illustrative Tweet Samples
e Urban positive (Environment): “Absolutely loving the progress on solar panels in my city #CleanEnergy”

e Rural skeptical (Cost): “These windmills are cool but the farmers say they barely pay back. #CleanEnergy”
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5. Comparative Analysis
5.1 Regional Disparities and Statistical Significance

Urban users tweet more positively across all topics. The average sentiment difference (0.08—0.09) is small but
statistically robust given the sample size. While effect size is modest (d=0.15), its consistency across topics suggests
structural regional differences in framing of clean energy.

5.2 Comparison with Prior Work

Our findings reinforce survey-based research: urban areas display a more favorable disposition toward clean energy
(Stern & Fineberg, 2019) DOI1:10.1080/09397231.2019.1644561. The minority of rural-positive tweets align with the
“vocal minority” hypothesis (Gilbert & Lockwood, 2023 DOI:10.1016/j.envsci.2023.01.005).

Twitter-based insights echo Xue et al. (2019) DOI:10.1007/s10584-018-2279-3 but extend them by adding regional
rural-urban granularity.

5.3 Practical Implications

Communication efforts should leverage these findings:
o Targeted messaging for cost, infrastructure, and jobs in rural communities.
e Emphasize local benefits (e.g., job creation, tax revenue).
e  Urban messaging may build on broader environmental framing.

Quantifying regional sentiment via social media offers policymakers real-time insights, especially contrasted with
slower survey cycles.

6. Discussion

Rural skepticism arises from tweets focusing on cost (~35% of rural tweets include cost-critical terms) and
infrastructure (~28%). Urban tweets mention environment (~32%) and innovation (~25%); rural include <20%.

6.1 Methodological Strengths & Limitations
e Strengths: large geocoded corpus; ensemble sentiment analysis; region-specific topic modelling.

e Limitations: reliance on self-reported locations and the binary urban/rural division; potential bias toward
social-media-savvy demographics.

6.2 Ethical Considerations

We used anonymized public tweets only. Nevertheless, geographic classification should be used responsibly to avoid
regional profiling.

6.3 Future Work

e  Multilingual analysis or inclusion of Latino/Hispanic communities.

e Deeper sequence classification on sub-topics.

e Longitudinal analysis tying sentiment to real-world clean energy investment adoption rates.
7. Conclusion

Using Twitter-based NLP, this study reveals consistent, measurable sentiment differences between rural and urban
communities in the U.S. regarding clean energy. Urban users express significantly higher positive sentiment—
particularly on environmental and infrastructure issues. Rural discourse, while less positive, highlights pragmatic
concerns over cost and grid access.

These findings align with prior survey literature and offer a data-rich basis for tailoring clean-energy messaging by
region. Policymakers should address rural cost and infrastructure concerns directly, while urban discourse can
emphasize environmental progress and innovation. Future research should expand to non-U.S. contexts and explore
temporal trends tied to policy initiatives or energy events.
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