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Climate Change

* 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).
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Social Media Influence Public Opinion

* 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).

= [nterest groups, social movement organizations,
and individuals engage in collective action on
climate issue on social media.
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Online Advertising

= Climate actions.
= Climate misinformation.
= Climate change-denial ads continue to be approved.

= Facebook allows advertisers to adapt their messaging
to target audiences.

= Microtargeting.
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Goal

= Analyze the landscape of climate campaigns.

= Our experiments: Analyze content supporting
either the pro-energy or the clean-energy
campaigns in USA.

o«

facebook
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Climate Campaigns on Facebook

ExxonMobil Climate Power
: ) Sponsored ¢ Paid for by Climate Power
exentiell - Sponsored ¢ Paid for by EXXON MOBIL
CORPORATION

New polling shows widespread support for the full Build
Back Better reconciliation package that includes

The oil and gas industry supports millions of local jobs. investments in clean energy and environmental justice.

Unnecessary regulations can stand in the way. Support
local jobs by taking action today!

7 5 o/ SUPPORT GOING FURTHER THAN
O THE BIPARTISAN BILL TO DELIVER
OF VOTERS BOLD CLIMATE ACTION

/
Unnecessary regulations

slow our economy down
CLIMATEPOWER.US
Signthe'pedtion NEW POLL: 3 in 4 Voters Support Build Back
Better Learn more

Congress Must Act
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Climate Campaigns on Facebook

ExxonMobil

st Sponsored ¢ Paid for by EXXON MOBIL
CORPORATION

The|oil and gas industry supports millions of local jobs.

Unnecessary regulations can stand in the way. Support
local jobs by taking action today!

/
Unnecessary regulations
slow our economy down

Sign the Petition

Stance: Pro-energy
Theme: Economy_pro

Climate Power
Sponsored ¢ Paid for by Climate Power

New polling shows widespread| support for the full Build
Back Better reconciliation package|that includes

nvestments fmcleanmenergy and environmental justice.

7 5 O/ SUPPORT GOING FURTHER THAN
o THE BIPARTISAN BILL TO DELIVER
OF VOTERS BOLD CLIMATE ACTION

ey imager Sowrce Cuks for Pragrons Aol

CLIMATEPOWER.US

NEW POLL: 3 in 4 Voters Support Build Back L
Better earn more
Congress Must Act
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Climate Campaigns on Facebook

. Climate Power

ExxonMobil . .

: ) Sponsored ¢ Paid for by Climate Power

exentiell - Sponsored ¢ Paid for by EXXON MOBIL

CORPORATION New polling shows widespread| support for the full Build

Back Better reconciliation package|that includes

Theloil and gas industry supports millions of local jobs. MVestments M cleamenergy and environmental justice.
Unnecessary regulations can stand in the way. Support
local jobs by taking action todg

\
Our Work:

. .
Analyze how energy industries and [TETEIETE

-
their advocacy groups as well as

climate advocacy groups influence
Unnecessary | . .
slow our ecor narratives on climate change.

/ZBack
Learn more
pellel

Congress Must Act

Stance: Pro-energy

Stance: Clean-energy
Theme: Economy_pro

Theme: SupportClimatePolicy
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Dataset
= Facebook Ad Library API
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» Facebook Ad Library API
= 88K climate related English ads focusing on United States from January 2021 - January
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Dataset

Facebook Ad Library API
88K climate related English ads focusing on United States from January 2021 - January
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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.
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Problem Formulation

= Minimally supervised model soup approach (Wortsman et al 2022) combining with messaging
themes to i1dentify the stances of climate ads on Facebook.
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Problem Formulation

= Minimally supervised model soup approach (Wortsman et al 2022) combining with messaging

themes to i1dentify the stances of climate ads on Facebook.

= Point estimation:

where y; is predicted theme, y; is the predicted stance, X, is the dataset, 0 1s the model

parameter.

P(ySIXa, 0' yt)r

Fine-tuned the pre-trained BERT
model by concatenating theme
information.
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Problem Formulation

= Minimally supervised model soup approach (Wortsman et al 2022) combining with messaging
themes to i1dentify the stances of climate ads on Facebook.

Fine-tuned the pre-trained BERT
model by concatenating theme

P(ys|Xa 0, J’t);w
where y, is predicted theme, ys is the predicted stance, X, is the dataset, 0 is the model
parameter.

= Point estimation:

= Bayesian posterior:

P(0lys, Xq, ye)x P(0) P(ys|Xq, 0, y0),
where y; is predicted theme, y; is the predicted stance, X, is the dataset, 0 1s the model

parameter.
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= Minimally supervised model soup approach (Wortsman et al 2022) combining with messaging

themes to i1dentify the stances of climate ads on Facebook.

Fine-tuned the pre-trained BERT
model by concatenating theme

P(ys|Xa 0, J’t);w
where y; is predicted theme, y; is the predicted stance, X, is the dataset, 0 1s the model

= Point estimation:

parameter.
1. Uniform soup

2. Greedy soup

= Bayesian posterior:

P(elySi Xa, yt)oc P(e) P(yslxa' 9! yt);
where y; is predicted theme, y; is the predicted stance, X, is the dataset, 0 1s the model

parameter.
o More comprehensive representation of the distribution of 6.
o As each 0 offers a complementary explanation of the data, combining them provides a

thorough understanding of the data.
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Fine-Tune SBERT using Contrastive Learning

= Use 88K unlabeled ads. <anchor|) positive)

| |
0 // 77,77} tokenized. inputs [~

--------------------------------------------------------------------

....................................................................

J/ token embeddings (512x768) \l/
-------------------------- e—“m": mean pooh'ng——9'""-"""""""“"m“"“-
¢, sentence embeddings (1x768) i,

a p

Image borrowed from https://www.pinecone.io/learn/fine-tune-sentence-
transformers-mnr/
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Fine-Tune SBERT using Contrastive Learning

= Use 88K unlabeled ads. <anchor|) positive)

= Siamese-BERT architecture during fine-tuning. | |
70 // 77777} tokenized. inputs |
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Fine-Tune SBERT using Contrastive Learning

= Use 88K unlabeled ads. S
= Siamese-BERT architecture during fine-tuning. | |
= Anchor (a): ad text. Vizzziz ( 7z et L )
= Positive example (p): summary of the ad text. graserea S S
""""""""" VT e s sz,
__________________________ < idongdilingey—>
\l, sentence embeddings (1x768) ‘1,
] ]
a p

Image borrowed from https://www.pinecone.io/learn/fine-tune-sentence-
transformers-mnr/

35



Fine-Tune SBERT using Contrastive Learning

= Use 88K unlabeled ads. S .
= Siamese-BERT architecture during fine-tuning. | |
tokenized inputs
= Anchor (a): ad text. Vzzzz ( Yz ot ]
= Positive example (p): summary of the ad text. oo ; frreeoeeeeeee e
= BART summarizer, e
J/ token embeddings (512x768) \1,
I e g
¢ sentence embeddings (1x768) i,
] ]
a p

Image borrowed from https://www.pinecone.io/learn/fine-tune-sentence-
transformers-mnr/

36



Fine-Tune SBERT using Contrastive Learning

= Use 88K unlabeled ads. S .
= Siamese-BERT architecture during fine-tuning. | |
= Anchor (a): ad text. (22222 ( Q22722 e s | ) |
= Positive example (p): summary of the ad text. graerea ; A
= BART summarizer. e i
= Multiple Negatives Ranking (MNR) Loss. Voo ;m:::i;(n:_)e ........ A
\l, sentence embeddings (1x768) ‘1,
L ] ]
a p

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).
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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: “0il 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” Theme: Against Climate Policy

= Add new themes and phrases: reasons of supporting climate actions.

e.g.,
“Climate change is a grave threat to children's survival” Theme: Future Generation
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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” Theme: Against Climate Policy

= Add new themes and phrases: reasons of supporting climate actions.

e.g.,
“Climate change is a grave threat to children's survival” Theme: Future Generation

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



Assign Themes

* Ground the phrases in a set of climate ads and match similarity between their fine-tuned
Sentence BERT embeddings.
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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.
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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/kY¥ , 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 Y% . 6))
= @Greedy soup:

Recipe 1 GreedySoup

Input: Potential soup ingredients {61, ..., 0} (sorted in
decreasing order of ValAcc(6;)).
ingredients « {}
for: =1to k do
if ValAcc(average(ingredients U {6;})) >
ValAcc(average(ingredients)) then
ingredients < ingredients U {6;}
return average(ingredients)

Greedy soup recipe borrowed from Wortsman et al 2022
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Baselines

= Logistic Regression trained on tf-idf features.
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Baselines

= 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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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
Model Method Accuracy Macro-avg F1
LR _tf-idf Best individual model 0.810 0.506
RoBERTa-base Best individual model 0.943 0.879
T5-small Best individual model 0.874 0.8743
BERT-base Best individual model 0.921 0.854

Uniform Model soup 0.944 0.888
Greedy Model soup 0.945 0.884
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Ablation Study

= Ad text only ( no theme information).
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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.

Model Accuracy Macro-avg F1 Learning rate Weight decay
FBERT_Hyper1 (text) 0.897 0.833 2.00E-05 0.01
FBERT_Hyper2 (text) 0.909 0.866 1.00E-05 0.01
FBERT_Hyper3 (text) 0.899 0.687 1.00E-04 0.001
FBERT_Hyper4 (text) 0.895 0.774 1.00E-04 0.01
FBERT_ Hyper5 (text) 0.905 0.856 1.00E-05 0.001
FBERT Hyper6 (text) 0.898 0.813 3.00E-05 0.001
FBERT_Hyper7 (text) 0.896 0.825 3.00E-05 0.01
FBERT_Hyper8 (text) 0.892 0.833 2.00E-05 0.1
FBERT_Hyper9 (text) 0.885 0.813 1.00E-04 0.0001
FBERT Hyper10 (text) 0.906 0.861 1.00E-05 0.1
Uniform Model soup (text) 0.943 0.880 - -
Greedy Model soup (text) 0.933 0.872 - -
Point_est_Hyper1 (text + thm) 0.921 0.854 2.00E-05 0.01
Point_est_Hyper2 (text + thm) 0.883 0.835 1.00E-05 0.01
Point_est_Hyper3 (text + thm) 0.916 0.695 1.00E-04 0.001
Point_est_Hyper4 (text + thm) 0.874 0.845 1.00E-04 0.01
Point_est_Hyper5 (text + thm) 0.897 0.826 1.00E-05 0.001
Point_est_Hyper6 (text + thm) 0.902 0.825 3.00E-05 0.001
Point_est_Hyper7 (text + thm) 0.894 0.830 3.00E-05 0.01
Point_est_Hyper8 (text + thm) 0.894 0.829 2.00E-05 0.1
Point_est_Hyper9 (text + thm) 0.888 0.781 1.00E-04 0.0001
Point_est Hyper10 (text + thm) 0.879 0.822 1.00E-05 0.1
Uniform Model soup (text + thm) 0.944 0.888 - -
Greedy Model soup (text + thm) 0.945 0.884 - -
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What are the intersecting themes of the
messaging?

= Most popular theme for
ads 1s 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.
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What are the intersecting themes of the

messaging?
= Most popular theme for clean-energy
ads 1s 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.
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What are the intersecting themes of the

messaging?

* 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
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wsiewbeld
wsnoLyed
Auspi
Kemyonin
01d”Awouoog
uonnjogalewi|D

AoljoderewnDisuieby

?

messaging

= Most popular theme for pro-energy

1400

uonnjossieWID

Koljoderew|oisureby

= = = = = = =
T3] [Te) o e} e} 0 o
- 9 <&~ o N o
~— (=] (=]
: I Anuep)
m . Remyanin
o
I AoljogarewiDisuieby
= = = = = = =
S © © ©o © o© o
8 8 ¢ 8 8 ¢ °
2 B Anuep
(]
w . Remyanin
S —

1200
1000
800
600
400
200
0

ads 1s Economy_pro.

62



What are the intersecting themes of the
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What are the intersecting themes of the

.

messaging?

Most popular theme for pro-energy .
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What demographics are targeted by the

advertisers?

Distribution of impressions over gender for each stance
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£ 100.0M

50.0M HEE male
. female
unknown
0.0M
pro_energy clean_energy

= More males than females view pro-energy ads.
= More females than males view clean-energy ads.

Impressions
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What demographics are targeted by the
advertisers?

Distribution of impressions over gender for each stance Distribution of impressions over age for each stance
250.0M
100.0M
200.0M
80.0M
() 2]
. -
S 100N S 60.0M 95-64
% § 18-24
S 5 Em 25-34
£ 100.0M £ 40.0M Em 35-44
45-54
50.0M EEE male 20.0M B 65+
. female E 13-17
unknown BN Unknown
0.0M 0.0M -
pro_energy clean_energy pro_energy clean_energy

= 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?

Distribution of impressions over states for pro-energy ads

Millions Impressions (pro-energy)
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= Pro-energy ads receive the most views from Texas.

Distribution of impressions over states for clean-energy ads
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What geographic are targeted by the advertisers?

Distribution of impressions over states for pro-energy ads Distribution of impressions over states for clean-energy ads

= 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?

= (Categorize pro-energy funding entities into
three types based on their expenditure.
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Do the messages differ based on entity type?

= (Categorize pro-energy funding entities into
three types based on their expenditure.
= (Corporations,
" Industry Associations
= Advocacy Groups

Type Entity
Corporation EXXON MOBIL CORPORATION
Corporation Shell
Corporation BP CORPORATION NORTH AMERICA INC.
Corporation Twin Metals Minnesota
Corporation Wink to Webster Pipeline LLC

Industry Association
Industry Association
Industry Association
Industry Association
Industry Association
Advocacy Group
Advocacy Group
Advocacy Group
Advocacy Group
Advocacy Group

AMERICAN PETROLEUM INSTITUTE

New York Propane Gas Association

Texas Oil & Gas Association

New Mexico Oil and Gas Association

National Propane Gas Association

Coloradans for Responsible Energy Development
Grow Louisiana Coalition

Voices for Cooperative Power

Consumer Energy Alliance

Maine Affordable Energy
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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.



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.
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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.
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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.
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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.
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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.
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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.
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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.
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https://github.com/tunazislam/BMA-FB-ad-Climate
https://github.com/tunazislam/BMA-FB-ad-Climate

THANK YOU ©

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

Questions?

Tunazzina Islam

Department of Computer Science,
Purdue University, West Lafayette, IN.
Email: islam32@purdue.edu

@5 https://tunazislam.github.io/

@Tunaz_Islam

@ PURDUE

UNIVERSITY.
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