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§ Defining issue of our time and we are at a 
defining moment.

§ International Energy Agency: net zero by 2050.
§ United Nations campaign for individual action on 

climate change and sustainability called ActNow.
§ Lagging from climate goals.

§ Negative influence of fossil fuel companies 
(Nosek 2020).

https://heinonline.org/HOL/LandingPage?handle=hein.journals/penv38&div=4&id=&page=
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§ Defining issue of our time and we are at a 
defining moment.

§ International Energy Agency: net zero by 2050.
§ United Nations campaign for individual action on 

climate change and sustainability called ActNow.
§ Lagging from climate goals.

§ Negative influence of fossil fuel companies 
(Nosek 2020).

§ Interest groups, social movement organizations, 
and individuals engage in collective action on 
climate issue on social media.

https://heinonline.org/HOL/LandingPage?handle=hein.journals/penv38&div=4&id=&page=
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§ Climate actions.
§ Climate misinformation.
§ Climate change-denial ads continue to be approved.
§ Facebook allows advertisers to adapt their messaging 

to target audiences. 
§ Microtargeting.

§ Analyze the landscape of climate campaigns.
§ Our experiments: Analyze content supporting 

either the pro-energy or the clean-energy 
campaigns in USA.
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Stance: Pro-energy
Theme: Economy_pro

Stance: Clean-energy
Theme: SupportClimatePolicy

Our Work:
Analyze how energy industries and 

their advocacy groups as well as 
climate advocacy groups influence 

narratives on climate change.
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Dataset
§ Facebook Ad Library API 
§ 88K climate related English ads focusing on United States from January 2021 - January 

2022.
§ Search term ‘coal’, ‘fracking’, ‘climate change’,  ‘sustainability’, ‘carbon emission’ etc.

§ 408 unique funding entities whose stances are known based on their affiliation from their 
websites and Facebook pages. 

§ Assign same stance for all ads sponsored by the same funding entity.
§ 25K ads have stances.

https://www.facebook.com/ads/library/api
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o More comprehensive representation of the distribution of 𝜃.
o As each 𝜃 offers a complementary explanation of the data, combining them provides a 

thorough understanding of the data.

1. Uniform soup
2. Greedy soup

Fine-tuned the pre-trained BERT 
model by concatenating theme 
information.
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Fine-Tune SBERT using Contrastive Learning

§ Use 88K unlabeled ads.
§ Siamese-BERT architecture during fine-tuning.

§ Anchor (a): ad text.
§ Positive example (p): summary of the ad text.
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Fine-Tune SBERT using Contrastive Learning

§ Use 88K unlabeled ads.
§ Siamese-BERT architecture during fine-tuning.

§ Anchor (a): ad text.
§ Positive example (p): summary of the ad text.
§ BART summarizer.

§ Multiple Negatives Ranking (MNR) Loss.

Image borrowed from https://www.pinecone.io/learn/fine-tune-sentence-
transformers-mnr/
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Generate Themes and Phrases
§ Set of themes from recent works: reasons of supporting oil & gas industries (Miller and Lellis 

2016).
e.g.,
Economy_pro: “Oil and gas will create more jobs”
Pragmatism: “Without oil & gas energy would be expensive”
 
§ Add new pro-energy themes and phrases: relevant and did not cover in previous work.
e.g.,
“Green New Deal would take America back to the dark ages”

§ Add new themes and phrases: reasons of supporting climate actions.
e.g.,
“Climate change is a grave threat to children’s survival”

§ 7 pro-energy and 8 clean-energy themes.

Theme: Against Climate Policy

Theme: Future Generation
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Assign Themes 
§ Ground the phrases in a set of climate ads and match similarity between their fine-tuned 

Sentence BERT embeddings. 
§ Quality of theme label (300 ground truth):

§ Accuracy: 38.4%
§ Macro-avg F1: 40.2%
§ Significantly better than random (6.6%) 
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Bayesian Model Averaging
§ 2 approaches for model soup by combining with messaging themes to identify the stances.
§ Uniform soup: 𝐟(𝒙, 𝟏/𝒌∑𝒊(𝟏𝒌 𝜽𝒊)
§ Greedy soup: 

Greedy soup recipe borrowed from Wortsman et al 2022
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Results
§ Logistic Regression trained on tf-idf features.
§ Larger pre-trained Language Model - comparison with the standalone models (best individual 

model) with respect to the model soup.
§ BERT
§ RoBERTa-base
§ T5-small
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Ablation Study
§ Ad text only ( no theme information).
§ Uniform model soup (text + theme) 

gives better performance than the 
uniform model soup (text), greedy 
model soup (text), and the best single 
text only models.
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What are the intersecting themes of the 
messaging? 

§ Most popular theme for clean-energy 
ads is Support Climate Policy. 
§ Features narratives supporting Build 

Back Better Act to fight climate 
change, create clean energy jobs, 
equitable clean energy future, take 
bold climate action.

§ Sponsors spend more on 
Environmental themed ads.
§ Focuses on narratives about ‘how 

dirty fossil fuel industries would 
harm the indigenous peoples and 
wildlife’, ‘why climate scientists 
agree that climate change causes 
more extreme droughts, bigger fires 
and deadlier heat’, ‘effects of carbon 
pollution on climate crisis’ etc. 
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What are the intersecting themes of the 
messaging? 

§ Most popular theme for pro-energy 
ads is Economy_pro. 

§ Sponsors spend more on 
Economy_pro themed ads.
§ Narratives promote how ‘natural 

gas and oil industry will drive 
economic recovery’, ‘GDP would 
decline by a cumulative 700 
billion through 2030 and 1 
million industry jobs would be 
lost by 2022 under natural gas 
and oil leasing and development 
ban’ .
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What demographics are targeted by the 
advertisers? 

§ More males than females view pro-energy ads.
§ More females than males view clean-energy ads.
§ The older population (65+) watches the pro-energy ads.
§ The younger population (25 − 34) watches clean-energy ads.
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What geographic are targeted by the advertisers? 

§ Pro-energy ads receive the most views from Texas.
§ Clean-energy ads are mostly viewed from California.
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Do the messages differ based on entity type? 
§ The highest spending on Economy_pro narratives comes from all three entity types.
§ Corporation entities spend on Patriotism narratives as their second target. 
§ Advocacy groups focus on Pragmatism narratives as their second target.
§ Industry associations spend almost equally on ClimateSolution and AgainstClimatePolicy 

narratives.
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Key Takeaways

§ Formulate a novel problem of exploiting minimal supervision and Bayesian model 
averaging to analyze the landscape of climate advertising on social media.

§ Identify the themes of the climate campaigns using an unsupervised approach.
§ Propose a minimally supervised model soup approach to identify stance combining 

themes of the content of climate campaigns. 
§ Conduct quantitative and qualitative analysis on real world dataset to demonstrate the 

effectiveness of our proposed model.
§ Our code and dataset are publicly available at https://github.com/tunazislam/BMA-FB-

ad-Climate.

https://github.com/tunazislam/BMA-FB-ad-Climate
https://github.com/tunazislam/BMA-FB-ad-Climate
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https://tunazislam.github.io/
@Tunaz_Islam
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Questions?

https://tunazislam.github.io/files/climateFbAd.pdf 
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