
Nature Climate Change | Volume 15 | July 2025 | 719–724 719

nature climate change

https://doi.org/10.1038/s41558-025-02326-wArticle

Facebook algorithm’s active role in climate 
advertisement delivery
 

Aruna Sankaranarayanan    1  , Piotr Sapiezynski    2 & Una-May O’Reilly    1

Climate advertising on social media can shape attitudes towards climate 
change. Delivery algorithms, as key actors in the climate communication 
ecosystem, determine ad audience selection and might introduce 
demographic bias. Here, we present a two-part study—an observational 
analysis (n = 253,125) and a field experiment (M = 650)—to investigate 
algorithmic bias in Facebook’s climate ad dissemination. Our findings 
provide preliminary evidence that the algorithm’s selection of ad audiences 
can be explained by factors such as ad content, audience location  
(US states), gender and age group. Moreover, the cost-effectiveness of 
contrarian ads is linked with the conservative political alignment of a 
state, while the cost-effectiveness of advocacy ads correlates with liberal 
political alignment, higher population and per-capita gross domestic 
product; ad targeting strategies further modulate these effects. The skew 
in the distribution of climate ads across US states, age groups and genders 
reinforces existing climate attitudes.

Accurate climate communication is essential for large-scale climate 
action. However, despite a strong scientific consensus on the issue1–9, 
lobbying the general public towards climate action has been challeng-
ing; decades of organic and paid climate contrarian communication has 
fuelled mistrust and cast doubt on the urgency of addressing climate 
change. In recognition of this issue, the Intergovernmental Panel on 
Climate Change identified ‘rhetoric, misinformation and politicization 
of science’ as key barriers to climate action. To counter and understand 
the influence of contrarian communications, scholars across disciplines 
have documented their deceptive nature10–24 and identified key play-
ers who disseminate and oppose them. However, these studies have 
primarily focused on print and broadcast media25–32 and traditional 
climate actors, such as fossil fuel and climate advocacy organizations, 
public relations firms and think tanks33–37.

Social media platforms present challenges to accurate climate 
communication because algorithms for content and ad delivery, along-
side contrarian and advocacy actors, heavily influence audience selec-
tion and pricing. These algorithms require investigation in the climate 
context because they have exhibited gender, racial38–41 and political 
biases42 in ad audience selection, even when advertisers fully relinquish 
control. These biases probably arise from algorithms optimizing for 

ad ‘relevance’ in auction-based ecosystems, favouring users deemed 
most relevant rather than distributing ads randomly or purely based 
on bids43. This can shape climate discourse—Goldberg et al.44 found 
that climate advocacy ads delivered to Republicans improved their 
understanding of climate change by several percentage points.

The Meta Ad Library, a transparency effort by Facebook, allows 
researchers to investigate climate ads by asking questions like: Who 
funds climate content? How much are they spending? Where are they 
targeting campaigns? and To whom are ads delivered according to age 
and gender?—with greater precision than print or broadcast media. This 
dataset helps researchers understand the algorithm’s role in dissemi-
nating climate contrarian and advocacy content. Using observational 
data from the Meta Ad Library and a field experiment, we examined 
whether Facebook’s ad delivery system influences climate ad dissemi-
nation and if demographic biases emerge. We argue that advertising 
algorithms are key actors in the climate communication ecosystem.

The study was organized into two parts. In part 1, we analysed algo-
rithmic bias in Facebook’s advertising data from 2018 to 2023. Using a 
peer-reviewed list33–37 of climate contrarian and advocacy advertisers, 
we identified 63,542 contrarian and 139,012 advocacy ads after filter-
ing for duplicates and relevance. For each ad, Facebook reports only 
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ads had a higher mean AIPD (5.4) than contrarian ads (3.51) (P < 0.001).  
See Fig. 2a and Supplementary Table 4 for more details.

For non-targeted ads, where algorithmic decision-making has 
a larger role, the mean AIPD for males was significantly higher for 
contrarian (4.85) than advocacy (3.11) ads (P < 0.001). For females, 
advocacy ads had a significantly higher mean AIPD (5.02) than contrar-
ian ads (3.76) (P < 0.001) (see Fig. 2a and Supplementary Table 5 for 
more details). As advocacy ads are not exclusively targeted according 
to gender group, we did not compare gender-targeted ad delivery.

AIPD values according to age group showed a ‘hollowing-out’ 
effect like ad delivery trends across US states. Advocacy ads are cheaper 
for ages 13–34 and 65+, while contrarian ads cost less for ages 35–65 
(Fig. 2b and Supplementary Table 6). Independent t-tests showed that 
advocacy ads have significantly higher mean AIPD values in the 13–34 
and 65+ groups, while contrarian ads dominate in the 35–64 range 
(P < 0.001). This pattern holds for non-targeted ads, with advocacy ads 
being significantly cheaper for younger audiences (13–17) and contrar-
ian ads more cost-effective for ages 35–64 (Fig. 2b and Supplementary 
Table 7). The t-tests showed that advocacy ads have significantly higher 
AIPD values in the 13–17 age group (P < 0.001), while contrarian ads 
dominate the 35–64 age range (P < 0.001). Differences in other age 
groups were not statistically significant. As advocacy ads are not strictly 
age-targeted, age-targeted comparisons are not made.

Regression analysis
We used robust linear regression to assess state-level cost differences 
based on population (millions), per-capita gross domestic product 
(GDP, in millions of dollars), oil production (millions of barrels) and 
2020 Republican lean, with log(AIPD) as the dependent variable. The 
model included fixed effects for the year and state categories. (See 
the section on ‘Regression analysis methods’ in the Methods for our 
regression methodology and Supplementary Tables 8 and 9 for results.) 
For non-targeted ads, we found that Republican-leaning states saw an 
18.57% rise in AIPD for contrarian ads and a 58% drop for advocacy ads 
(P < 0.001). A 1-unit increase in per-capita GDP reduced AIPD by 42% for 
contrarian ads (P < 0.001) and 5.9% for advocacy ads (P < 0.05), while 
a 1-unit population increase lowered AIPD by 6.6% for contrarian ads 
(P < 0.001) and 0.55% for advocacy ads (P < 0.05). A 1-unit rise in oil 
production decreased contrarian AIPD by 96% (P < 0.001).

For explicitly targeted ads, advocacy ads face a higher cost disad-
vantage across all state factors except political alignment—Republican 
states raised advocacy AIPD by 87% (P < 0.001) and lowered contrarian 
AIPD by 20%. A 1-unit population rise cut AIPD by 9.4% for contrarian 
ads and 28% for advocacy ads (P < 0.001). A 1-unit GDP increase reduced 
advocacy AIPD by 95.1% (P < 0.001) but had no significant effect on 
contrarian ads. A 1-unit oil production rise increased contrarian AIPD 
by 31% (P < 0.05) and decreased advocacy AIPD by 71% (P < 0.001).

The observational study revealed skewing in the distribution of 
contrarian and advocacy ads across state, age and gender groups, 
particularly in non-targeted ads where algorithmic delivery varied 
according to ad type. In US states, this skew is partly explained by 
political alignment. However, these findings are limited by the proxies 
used for ad targeting.

Field study of bias in the Facebook ad algorithm
To directly detect algorithmic skewing, we conducted a field experi-
ment controlling all targeting parameters. We tasked the algorithm 
with impartially delivering 650 ads featuring solar cells, oil drills or 
neutral controls (Fig. 3), with logos from either a contrarian organiza-
tion (ExxonMobil), an advocacy group (Greenpeace) or no logo, to 
US audiences. We then compared ad delivery across states, genders 
and age groups.

We used the ad delivery ratio (D)—the ratio of observed ad views 
from our experiment to expected views based on Facebook’s esti-
mated audience sizes across US states—to measure and compare 

delivery statistics, omitting the targeting criteria set by advertisers. 
This obscures advertiser intent. However, when ad delivery is isolated 
to a single state, gender or age group, we can infer an intention to 
target. Conversely, when ads reach all US states or demographics, we 
can assume no specific state-based or demographic-based targeting, 
although other interest-based or customized targeting methods may 
be in use. Under the constraints of these limitations, our analysis indi-
cated evidence of algorithmic skew. For more details, see the section 
titled ‘Observational study of algorithmic bias in Facebook ad data’.

Detecting algorithmic bias, without such qualification, requires 
full transparency of both the advertiser’s targeting intent and the 
algorithm’s delivery decisions. To address this, in part 2, we investi-
gated and found evidence for algorithmic bias in a field experiment. 
In this study, we tasked the platform with the impartial delivery of ads 
featuring images of oil drills and solar cells to all US states, genders and 
age groups using an ecologically valid experimental design that aligns 
with previous audits of the Facebook’s ad algorithm38. More details 
can be found in the section titled ‘Field study of bias in the Facebook 
ad algorithm’. We tested, and partially rejected, the hypothesis that 
the delivery will be unbiased across gender, location (US states) and 
age groups.

Observational study of algorithmic bias in 
Facebook ad data
In our observational study, we investigated if the algorithm provided 
any advertising advantage to climate contrarian and advocacy ads 
using data from 63,542 contrarian and 139,012 advocacy ads collected 
between May 2018 and May 2023. We introduced a metric of ad impres-
sions per dollar (AIPD), which refers to the total non-unique number of 
times an ad was shown on a Facebook user’s feed (including multiple 
displays to the same user) per dollar spent. A higher AIPD indicates a 
better ad price. While Facebook provides estimated audience sizes at 
the time of ad launch, the actual ad audience and pricing are dynami-
cally determined by the algorithm. We compared AIPD values across 
gender, age and location groups to assess cost-effectiveness. Statistical 
comparisons of AIPD revealed whether it was cheaper to deliver contrar-
ian or advocacy ads to specific US states, genders or age groups—the 
higher the AIPD for a demographic, the cheaper it was to deliver to that 
audience group. See Table 1 for the summary statistics from our dataset.

Among US states, we observed a ‘hollowing-out’ effect: contrar-
ian ads were more cost-effective in interior states, while advocacy ads 
were more cost-effective on the East and West coasts (Fig. 1 and Sup-
plementary Tables 1–3). Contrarian ads have a higher AIPD value across 
nearly all US states, indicating more views per dollar spent (Fig. 1a and 
Supplementary Table 1). However, advocacy ads perform better when 
targeted at a single state (Fig. 1b and Supplementary Table 2), with 
contrarian ads securing better pricing in only eight states.

For ads not targeted according to location or demographic (Fig. 1c 
and Supplementary Table 3), advocacy ads have higher AIPD on the 
East and West Coasts, while contrarian ads dominate the Midwestern, 
Southeastern and Southwestern USA. With targeted ads, the algorithm 
follows advertiser intent; however, in non-targeted ads, it has a larger 
role in decision-making (contrarian ads enjoy a price advantage in 
most US states).

Similarly, exposing males to contrarian ads and females to advo-
cacy ads was cheaper. For males, contrarian ads had a higher mean 
AIPD (4.35) than advocacy ads (3.53) (P < 0.001). For females, advocacy 

Table 1 | US ads dataset summary

Contrarian ads Advocacy ads

Advertiser counts 245 453

Expenditure (US$) 34–47 million 45–67 million

Impressions 1.9–2.4 billion 3.4–4.3 billion
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delivery patterns. This allowed us to compare the observed AIPD 
from Facebook’s algorithm with the AIPD from a uniform sampling 
baseline of Facebook’s self-reported audience estimates, as well as 
report the over- or under-representation of a demographic in the 
ad delivery. For example, we found a significant difference in the 
delivery of oil drill versus solar cell ads to female audiences, with 
females being under-represented (median delivery ratio < 1) and 
males over-represented (median delivery ratio > 1) in the audience, 
as shown in Fig. 4b. The consistency of results between solar cell and 
control ads, and oil drill and control ads, in Fig. 4b,c serves as a sanity 
check to validate this metric. (See the ‘Experimental design’, ‘Covariate 
analysis’ and ‘Field experiment’ sections in Methods for more details 
on the initial covariate analysis, experimental design and methodol-
ogy, respectively).

Demographic features influence ad delivery
We analysed ad delivery differences across US states, genders and 
age groups using a one-way Kruskal–Wallis test, followed by Dunn’s 
test with Benjamini–Hochberg correction. For the ad delivery ratio D 
across US states, the Kruskal–Wallis test showed significant differences 
(P < 0.001) in oil drill, solar cell and control ads. Post-hoc analyses found 
significant oil drill versus solar cell differences in 25 US states (Fig. 4a 
and Supplementary Table 10), with the delivery ratio in 21 US states 
favouring oil drill ads. A regression analysis with the state category as 
a fixed effect (Supplementary Table 11) showed that a 1-unit increase in 
state oil production raised the delivery ratio of drill ads by 28.98% and 
solar ads by 4.89% (P < 0.001). A 1-unit population increase decreased 
both by 5% (P < 0.001). Republican-leaning states saw a 59% rise in the 

delivery ratio of solar ads and 51% for drill ads (P < 0.001). A 1-unit GDP 
increase reduced the delivery ratio of solar ads by 81% (P < 0.05) with 
no significant effect on drill ads. For the ad delivery ratio D across gen-
ders, the Kruskal–Wallis test showed marginal significance (P = 0.054), 
indicating weak group-level differences. The post-hoc analyses found 
a significant difference between oil drill and solar cell ads (P < 0.05). 
We also found (Fig. 4b and Supplementary Table 12) a significant dif-
ference in the delivery ratio D between oil drills and solar cells for both 
males and females (P < 0.001). Solar cell ad delivery was higher among 
females and lower among males compared to oil drills. Additionally, as 
seen in prior work, females were under-represented, while males were 
over-represented in ad audiences45. For the ad delivery ratio D across 
age groups, the Kruskal–Wallis test showed significant group-level dif-
ferences (P < 0.001) in oil drill, solar cell and control ads. The post-hoc 
analysis found significant differences between oil drill and solar cell 
ads and between oil drill and control ads (P < 0.05). Further analysis 
revealed significant D differences between oil drills and solar cells 
across all age groups except those aged 45–54 years (P < 0.05) (Fig. 4c 
and Supplementary Table 13). The delivery ratio for solar cell ads was 
higher among younger audiences (18–44) and lower among older audi-
ences (55+) compared to oil drill ads. Furthermore, younger individu-
als (18–54) were under-represented and older individuals (55+) were 
over-represented in our ad audiences.

Image features influence ad delivery
Analyses of data from our field experiment found a skew in ad delivery, 
similar to our observational study. We found that the ad delivery ratio 
(D) significantly (P < 0.05) varied depending on whether the ad image 

None
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Fig. 1 | Comparison of AIPD values across US states. a, AIPD for the entire 
dataset (n = 4,217,991), including both targeted and non-targeted ads, showing 
that contrarian advertisers have a general advantage. b, AIPD for ads targeted 
(n = 82,177) at a single US state, where climate advocates hold an advantage. 
c, AIPD for non-targeted ads (n = 2,895,737), that is, ads whose delivery was 
influenced by algorithmic decision-making. In this case, contrarian advertisers 
hold an advantage. States where the mean AIPD favours contrarians (C) are 

highlighted in yellow, while those favouring advocates (A) are highlighted in 
green. States where the AIPD distributions of contrarian and advocacy ads do not 
differ significantly are shown in grey. Statistical significance was assessed using 
a two-sided Welch’s t-test for groups with at least 30 samples and a two-sided 
Mann–Whitney U-test otherwise. To control for the false discovery rate (FDR),  
P values were adjusted using the Benjamini–Hochberg correction.
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Fig. 2 | Comparisons of the mean AIPD of contrarian (C) and advocacy (A) 
ads according to audience gender, age and targeting strategies. a, AIPD 
comparisons according to gender (n = 3,028,137 overall; n = 1,472,610 for non-
targeted ads; n varies according to gender subgroup). b, AIPD comparisons 

according to age (same n values as in a, varying according to age subgroup). Data 
are presented as the mean ± 95% confidence intervals. Statistical significance 
was determined using a two-sided Welch’s t-test with Benjamini–Hochberg 
correction to control for the FDR. ***P < 0.001, *P < 0.05. NS, not significant.
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featured solar cells, oil drills or controls in 25 US states, all genders 
and five of six age groups, indicating potential location, gender and 
age bias in the algorithm (Fig. 4a–c).

Ad delivery was consistent for a given ad image, as shown by dupli-
cate ads featuring solar cells, oil drills or control images without a logo. 
A Fisher’s test revealed consistent audience sizes for 90% of duplicate 
pairs across US states, 100% across genders and 99% across age groups 
(P < 0.05). This suggests that the algorithm’s decision-making is con-
siderably influenced by the ad image (see Supplementary Tables 14–16 
for more details).

Effects of logo and audience sizes on ad delivery
A one-way Kruskal–Wallis test (with Dunn’s test and Benjamini–Hoch-
berg correction) showed that, contrary to our hypothesis, the ad deliv-
ery ratio D did not differ significantly (P > 0.05) for oil drills or solar 
cells featuring the logos of ExxonMobil, Greenpeace or no logo (see 
Supplementary Tables 17–22 for more details). We found significant 
effects only when considering pairwise post-hoc tests in the delivery of 
oil drills and solar cells with an ExxonMobil logo in Washington, Arizona, 
Montana, Nevada, Oklahoma and Colorado (P < 0.05). Therefore, we 
combined images with and without logos in our tests for additional 
statistical power.

Audience sizes in our experiment did not always align with 
Facebook’s ad manager estimates (Supplementary Tables 23–25). A 
chi-squared goodness of fit test showed that control ads matched 
state-level estimates 64% of the time, compared to 42.5% for solar 
cell and oil drill ads (P < 0.05). For gender, solar cell and oil drill ads 
aligned 67% of the time, while control ads matched only 22% of the 
time (P < 0.05). Across age groups, no ad type (0%) matched the esti-
mates (P < 0.05). This suggests that the algorithm weights audience 
characteristics differently, possibly influenced by factors such as the 
over-representation of older Facebook users making them cheaper. Our 
results also align with findings that males are cheaper to reach online 
than females45 (see Supplementary Tables 26–34 for more details).

Discussion
We discovered a ‘hollowing-out’ effect: advocacy ads are cost-effective 
in West Coast and Northeastern states, while contrarian ads are 
cost-effective in interior states. Contrarian ads are cheaper for older 
audiences and males, while advocacy ads are cheaper for younger audi-
ences and females. These patterns hold for ads not explicitly targeted 
according to location or demographics. When location-based target-
ing is applied, advocacy ads become cheaper across most US states, 

indicating that climate advocacy groups benefit from targeted ads, 
while contrarian groups gain from algorithmic decision-making when 
selecting conservative audiences.

Previous research showed that males and older individuals are 
more likely to be dismissive or doubtful on climate change46–49, while 
females and younger people tend to be more alarmed or cautious46–49. 
Our analysis indicates that political leaning in US states explains the 
cost advantages for contrarian and advocacy ads, suggesting that ad 
patterns reinforce existing climate attitudes. We observed a reversal in 
cost patterns between non-targeted and targeted settings: contrarian 
ads are cheaper in conservative states when not targeted, but in liberal 
states when targeted. An important trend is the significant cost disad-
vantage to contrarian ads in oil-producing states in the ‘non-targeted’ 
setting, but this disadvantage also manifests for advocacy ads in the 
‘targeted’ setting. Increasing state population or per-capita GDP 
favours a cost advantage and disadvantage for advocacy ads in the 
non-targeted and targeted settings. Our field study revealed that ad 
image content influences algorithmic delivery, with image type affect-
ing demographic representation, while corporate logos do not sig-
nificantly impact this effect. The algorithm does not sample uniformly 
from Facebook’s audience estimates, resulting in skewed delivery based 
on audience and ad characteristics, with this skew being consistent 
rather than arbitrary. Past research suggested that delivery is largely 
driven by automated image classification rather than ad–audience 
interactions38; delivery skew has been shown to occur in ads invisible 
to humans but detectable by classifiers38.

Since each ad in our experiments was allocated an identical budget 
of US$1, the over-representation of certain demographics in delivery — 
as indicated by higher delivery ratios — reflects differential allocation 
by Facebook’s delivery system. Our results also connect ad exposure to 
psychological, cultural and political influences on climate discourse. 
Exposure to climate information can raise perceived scientific con-
sensus by 16 points, especially in conservative areas50, underscoring 
concerns about algorithmic bias amplifying contrarian content. The Six 
Americas report segments the United States into six climate response 
groups, each requiring tailored messaging46,47. Doubtful and dismissive 
groups—typically older males in the interior US states—respond best to 
non-confrontational messaging, yet algorithms frequently serve them 
oil drill ads. Advocacy ads featuring oil rigs may reinforce scepticism, 
while contrarian ads using greenwashing (for example, solar panels) 
reach younger females. The impact of greenwashing on perceived 
climate commitment remains debated51,52, but misleading climate 
messaging weakens pro-environment beliefs and misinformation 

a b c

Fig. 3 | Reference images resembling the ones used in the ads for our 
experimental study. Ads featuring the oil drill and solar image sets were also 
launched with the logos of ExxonMobil and Greenpeace, representing contrarian 
and advocacy actors, respectively (images not shown). Ads containing images 
without logos were launched twice to assess the consistency of Facebook’s 

delivery. These reference images were sourced from the Metropolitan Museum 
of Art (Ewer with Elephant-Headed Spout, https://www.metmuseum.org/art/
collection/search/7237) and the US Geological Survey54–56. a, Oil drills (×65).  
b, Solar cells (×65). c, Controls (×65).
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detection53. Inoculation strategies are largely ineffective against these 
biases, leaving even climate-supportive groups vulnerable to algorith-
mic influence53.

We present preliminary evidence that ad recommendation algo-
rithms are emerging and evolving influencers of climate discourse, 
although their full impact on ad delivery remains unclear. Our  
US$1 budget experiments focused on demographic representation, 
but larger budgets may reveal spending-based algorithmic shifts. 
Grouping solar and oil ads in the same Facebook ad set could improve 
ecological validity, while broader climate-related ads may uncover 
further bias. We hypothesize that Facebook’s algorithms shape these 
patterns, warranting research into biases according to ethnicity and 
political affiliation. Our analysis uses pointwise representations over 
noisy and constrained data; further investigations into the structure 
and dynamics of ad delivery would help validate and expand these 
findings. We urge climate scholars to examine online advertising, audi-
ence targeting and algorithmic bias to counter contrarian content and 
amplify climate action messaging.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41558-025-02326-w.
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Methods
Ethics
This research, exempt from Massachusetts Institute of Technology 
Committee on the Use of Humans as Experimental Subjects (ID: E-4191), 
involved ad experiments using images of objects featured in ads by 
both contrarian and advocacy actors, whose logos were included. 
Ads complied fully with Facebook’s Ad Review policies and featured 
climate-related images without using climate-related text to avoid 
spreading disinformation.

Observational study
We conducted an observational study of 203K US climate ads on Face-
book. We identified contrarian and advocacy actors, compiled a dataset 
of past ads and analysed differences in delivery patterns.

Dataset
We assemble our actors dataset using a peer-reviewed list of contrarian 
and advocacy actors33–37. We focused on fossil fuel corporations and 
their affiliates as contrarians, and environmental groups and renewable 
energy providers as advocates. Any ad from these groups is labelled 
as a ‘climate’ ad. From May 2018 to May 2023, we extracted 81,248 
contrarian ads and 171,877 advocacy ads, filtering the dataset to 63,542 
contrarian and 139,012 advocacy ads after removing duplicates and 
non-US ads. The ads were viewed for 1.36 million days, shown 5.4–6.4 
billion times and cost 79–133 millions. To simplify the analysis and 
anonymize the data, each row in our dataset corresponded to delivery 
in a single US state or to one gender or age group. We released this 
decomposed data but withheld the full list of advertisers, following 
precautions from previous studies35–37. The scrubbing and decompos-
ing methodology are described in our code in ‘Dataset availability’. The 
full de-anonymized dataset of advertisers, and ads, may be obtained 
by emailing arunas@mit.edu. (See the section on ‘Dataset availability’ 
for a link to the anonymized dataset.)

Pre-analysis
We analysed the collected data. Ignoring ad content, we focused our 
attention on ad delivery. We now describe possible ad destinations, 
and corresponding delivery attributes and proxies to surmise target-
ing intent.

Ad destinations and delivery information. Each ad in the dataset 
contained attributes describing delivery information for three possible 
ad destinations: US state, gender and age.

For US states, the delivery_by_region attribute of each ad contained 
delivery information for US state destinations. This attribute is a list of n 
tuples, n ∈ [1,52]. The ith tuple is (regioni, delivery_percentagei), where 
regioni can be one of 52 locations, including 50 US states, Washington 
DC and an ‘unknown’ category, and delivery_percentagei is a fraction 
such that delivery_percentagei ∈ [0, 1] and Σ52

i = 1delivery_percentagei = 1.
For age and gender destinations, the demographic_distribution 

attribute of each ad contained delivery information for age and gender 
destinations. This attribute is a list of n tuples, n ∈ [1,24]. The ith tuple is 
gender_i, age_i, delivery_percentagei, where age_i ∈ [18–24, 25–34, 35–44, 
45–54, 55–64, 65+, unknown] and gender_i ∈ [male, female, unknown]. 
Delivery_percentagei is a fraction such that delivery_percentagei ∈ [0, 1] 
and ∑52

i=1 delivery_percentagei = 1.
The delivery data show the audiences, locations and algorithm’s 

role in delivering contrarian and advocacy ads. Ideally, both targeting 
and delivery data would separate the roles of advertisers and algo-
rithms, but Facebook only provides delivery information according 
to US state, age and gender. Thus, we used proxies in the delivery data 
to infer targeting intent.

Targeting proxies. We used two proxies to infer targeting according to 
location and demographics. Ads delivered to a single US state, gender 

or age group were considered ‘targeted’, while ads reaching at least 
two US states (Supplementary Fig. 1), all genders and all age groups 
were considered ‘non-targeted’ ads. As a robustness check, varying 
the number of US states between 2 and 50 yielded similar results. We 
hypothesize that algorithmic decision-making is evident in these ads, 
as suggested by previous research38,40,42.

Comparisons of t-tests
We calculated AIPD to assess ad effectiveness across ad destinations. 
Impressions and spend are presented in range format in the dataset. 
We approximated them into point values by calculating the midpoint 
of the range. If AIPDadvocacy ad was greater than AIPDcontrarian ad for an audi-
ence, we considered advocacy ads cheaper for that audience. This was 
repeated for targeted and non-targeted ads. We assumed that higher 
spend would lead to a larger audience, although this is hard to confirm 
because of the range format of the data.

For each possible location, gender or age category, we verified if 
the distribution of advocacy and contrarian ads consisted of at least 
30 samples, to satisfy assumptions of normality. If the distribution 
contained more than 30 samples, we verified if the AIPDadvocay ad and 
AIPDcontrarian ad were homoscedastic using Levene’s test. A two-sample 
Welch’s t-test with Bonferroni correction was then used to investi-
gate if the statistical distribution of AIPDadvocacy ad was significantly 
different from that of AIPDcontrarian ad for each location, gender and age 
category. For example, this analysis would be conducted for each US 
state, and reported at the state level, when we investigated audiences 
in each US state. If the distribution contained fewer than 30 samples, a 
two-sample Mann–Whitney U-test was used to investigate if the statisti-
cal distribution of AIPDadvocacy ad was significantly different from that of  
AIPDcontrarian ad, for each location, gender and age category, after estab-
lishing the homoscedasticity assumption of the sample distributions 
using a Levene’s test.

If the Welch’s t-test or the Mann–Whitney U-test revealed that the 
statistical distribution of AIPDadvocacy ad was significantly different from 
that of AIPDcontrarian ad (P < 0.05), the sample means or medians of the 
sample distributions (depending on whether the data were normal  
or not) were used to further determine if contrarian or advocacy ads 
were more effectively targeted in the location, age or gender category 
being considered. We also applied the Benjamini–Hochberg procedure 
to control the FDR in multiple comparisons.

For ads delivered to a single location, or gender or age type, nor-
malized ad counts were compared for contrarian and advocacy ads.

Regression analysis
For the regression analysis, data were preprocessed into rows with the 
ad ID, and the delivery start and end times, US state category, AIPD 
value, state oil production (millions of barrels), population (millions), 
per-capita GDP (millions) and a binary value of 1 if a state leaned Repub-
lican in the 2020 elections, or 0 if a state leaned Democrat in the 2020 
elections. This dataset was used for a fixed-effects regression analysis, 
initially specified as follows:

Y = β0 + β1X1 + β2X2 + β3X3 + β4X4 + (state) + (year) + ϵ

where Y is the dependent variable and X1, X2, X3 and X4 are the covari-
ates representing the annual state population, annual oil production, 
Republican leaning and annual per-capita GDP in the state, respec-
tively. Per-capita GDP was considered instead of state-level GDP so 
that it was not perfectly correlated with population. ϵ represents 
the error term. States and years in which the ad was run were added 
as fixed effects. Ordinary least squares (OLS) regression showed an 
exponential distribution for the residuals, so the original model was 
modified to be:

log(Y) = β0 + β1X1 + β2X2 + β3X3 + β4X4 + (state) + (year) + ϵ
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However, initial diagnostic checks, including Q–Q plots, showed 
significant deviations from normality and heavy-tailed residuals, with 
excess kurtosis greater than 1. These findings indicated that some 
data points were unduly influencing the model, leading to potential 
bias if OLS regression was used. We applied transformations (square 
root, inverse, Box–Cox, Yeo–Johnson) and winsorized AIPD at the 0.25 
and 0.75 percentiles; however, heavy-tailed residuals persisted. To 
address this, we used robust linear regression with Tukey’s biweight 
M-estimator, reducing the influence of outliers by down-weighting large  
residuals. This approach was applied to all regressions in the study.

Field experiment
To isolate the algorithm’s influence, we launched ads of oil drills and 
solar cells on Facebook without enforcing constraints on audience 
selection. We selected ad images of oil drills and solar cells and affixed 
logos on them, as described in the section ‘Ad image selection’. We 
launched 650 ads with an equal distribution of ads featuring oil drills, 
solar cells, and oil drills and solar cells with the logos of ExxonMobil 
and Greenpeace (see the section on ‘Experimental groups’). The ads 
were launched on Facebook without targeting, allowing delivery to all 
US states, genders and age groups for 24 h. Facebook was instructed 
to optimize delivery to likely clickers, according to a design similar 
to prior research38. When a user clicked on an ad, they were taken to a 
website, but this was irrelevant to our investigation and simply created 
a realistic ad experience for both the algorithm and user38. After the 
24-h experiment, ad delivery data were collected from Facebook to 
compare the delivery of contrarian and advocacy ads.

Experimental design
We aimed to isolate the algorithm’s influence on climate ad delivery. 
However, using real ads from ExxonMobil or Greenpeace risks promot-
ing fossil fuels or inadvertently influencing the climate information 
ecosystem. Inspired by previous research38, we ran a field experiment 
that primarily varied the images used in an ad as a workaround. The 
ad text was neutral and unrelated to climate change. Note that images 
of oil drills or solar cells are not inherently contrarian or advocacy 
images as ads from both ExxonMobil and Greenpeace feature these 
two objects; while Greenpeace may request audiences to stop using 
fossil fuels with the image of an oil drill, ExxonMobil may talk about 
the importance of the oil economy with the same image. Therefore, 
the messaging in our ads was implicit. Once the images were selected 
(see the section on ‘Ad image selection’), ads were launched in three 
batches. This is because Facebook has an upper limit of 250 concur-
rent ads for advertisers whose budget is less than US$1,000,000 per 
month. Batch 1 (22 ads per campaign) ran from 9:01 Pacific Standard 
Time (PST) on 17 May 2023 to 9:01 PST, on 18 May 2023. Batch 2 (22 ads 
per campaign) ran from 16:01 PST on 18 May 2023 to 16:01 PST on 19 
May 2023. Batch 3 (21 ads per campaign) ran from 4:01 PST on 20 May 
2023 to 4:01 PST on 21 May 2023. Ads ran simultaneously across all 
time zones in the United States, controlling for market effects related 
to user traffic, ad auctions and bid pricing to the extent possible. Each 
ad image of a solar cell or oil rig was accompanied by the text ‘Use our 
website to tell us what you think about this picture’, along with a neutral 
website (https://imagesweseepage.wordpress.com/) created solely 
for the purpose of this experiment. All ads were allocated a budget of  
U$1 per day and optimized to maximize audience traffic to the website—
a design choice that was again inspired by past research38. In accordance 
with Facebook guidelines, all ads were launched under the ‘social issues, 
elections or political issues’ category. Lastly, and most importantly, 
ads were scheduled to be delivered to anyone in the United States who 
matched Facebook’s default age criteria, irrespective of gender or loca-
tion. We did not use features that allowed for interest-based targeting, 
which would allow us to promote the ads to users interested in climate 
change. This allowed us to control for the demographic characteristics 
preferred by Facebook. All design choices were accessible as features 

on the Facebook Ad Manager (see the section on ‘ Full analysis’). The 
groups used in our experiment to identify group-level differences are 
described below.

Experimental groups
The 650 ads that were launched contained images of solar cells, oil rigs 
and controls, with the same neutral text. We used three experimental 
groups to investigate delivery dependence on ad images relevant to 
climate change: (1) images—solar cells (65 images) and oil drills (65 
images) unmodified. We added (i) controls—control images (65 images) 
and (ii) duplicates—duplicate ads using images from the images and 
control group to check that delivery was consistent with ad content 
(65 images × 3); (2) images + contrarian logo—solar cells and oil drills 
with the logo of ExxonMobil, an established contrarian organization10,11 
on the top left (65 images × 2); (3) images + advocacy logo × solar cells 
and oil drills with the logo of Greenpeace, an established advocacy 
organization57,58, on the top left (65 images × 2).

Ad image selection
In our field study, ad images were the principal focus. We selected 
images classified as oil drills or solar cells with at least 70% probability 
using a state-of-the-art image classifier59, and control images that were 
unrelated to these classes. Solar cell and oil rig images were manually 
collected from internet searches, while control images were sam-
pled from the ImageNet-21K dataset59 using the WordNet hierarchy60. 
ImageNet-21K includes 21,841 classes mapped to WordNet noun syn-
sets. To ensure diversity, we randomly sampled categories that were 
distant in the WordNet tree, with a requirement that sampled images 
should meet the Facebook Ad Platform size criteria (≥600 px width/
height). We constructed the WordNet tree for all ImageNet-21K labels, 
with ‘entity’ as the root. Starting at level 6, which contained over 300 
nodes, we randomly sampled 300 terminal nodes, ensuring they were 
unrelated and their categories included images meeting the size crite-
ria. Of these, only 103 categories satisfied the size requirement; from 
this set, we randomly selected 65 control images. All sampling was 
performed using Python’s random library.

Ad campaign attributes
After sampling the images, we launch ads via Facebook Ad Manager, 
selecting the following attributes to form the core elements of our 
experimental design: (1) duration—652 ad campaigns were run in three 
batches, such that each batch was run for a period of 24 h to reach all 
time zones of the United States; (2) Ad media—we used images of oil 
rigs, solar cells or controls (Fig. 3). Each image was modified with the 
logo of a contrarian or advocacy organization, depending on the treat-
ment group it was assigned to; (3) Ad text—for each ad, we included the 
text ‘Use our website to tell us what you think about this picture’; (4) 
desired audience attributes—the ads were scheduled to be delivered 
to anyone in the United States who belonged to the default age criteria 
on Facebook, irrespective of gender and location. We did not use any 
additional microtargeting features; (5) ad placement—we specified 
that the ads could only be shown on the Facebook platform and could 
only be situated on a user’s account Facebook feed; (6) ad budget—we 
specified a daily ad budget of US$1 per day; (7) campaign objective—
we specified that the ads’ objective was to maximize audience traffic 
to the website. This website collected opinions about the ad images 
when shared by a visitor. It did not contain content that revealed the 
intentions of our experiment, or a stance on climate action or climate 
change; (8) ad type—we ran the ads under the ‘social issues, elections 
or political issues’ category, in accordance with Facebook’s advertis-
ing guidelines.

Covariate analysis
We conducted a covariate analysis to identify image features that 
significantly affected the delivery ratio D. Covariates included object 
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coverage percentage (oil drills or solar cells), background, logo type 
(ExxonMobil, Greenpeace or none), image type and classification prob-
ability. The outcome variable, D, was modelled as a linear combination 
of these covariates. Because of the right-skewed distribution of D across 
ad destination types (US state, gender, age), OLS regression resulted in 
non-normal residuals. Therefore, we used a generalized linear model 
with a gamma distribution and a log link function to account for the 
multiplicative relationship between predictors and D. A Wald test was 
applied to assess the significance of individual coefficients and their 
influence on D. The covariate analysis for US states (Supplementary 
Table 35) showed that while the logo type and its interactions with the 
ad image did not significantly affect the delivery ratio (P > 0.05), image 
type, US state, their interaction and the three-way interaction with the 
logo type all had a significant impact (P < 0.001). The percentage of 
image coverage and classifier probability also influenced the delivery 
ratio (P = 0.002, P = 0.046). In gender-based analysis (Supplementary 
Table 36), image type, audience gender and their interactions, includ-
ing the three-way interaction with the logo type, significantly affected 
the delivery ratio (P < 0.001), while object coverage and classifier prob-
ability did not (P > 0.05). For the age-based analysis (Supplementary 
Table 37), all covariates and interactions, except for oil drill probability, 
significantly influenced the delivery ratio (P < 0.001).

Full analysis
As we ceded control over ad delivery to Facebook, we compared the 
delivery ratio D of advocacy and contrarian ads across ad destination 
categories (US state, gender, age group). D is the ratio of observed to 
expected delivery, based on Facebook’s ad audience estimates, which 
are provided at ad creation and appear to be stable over short time 
periods. This approach allowed us to analyse the algorithm’s influence 
by comparing its observed decision-making to a uniform sampling 
baseline. To calculate D, we collected the ‘reach’ data—unique accounts 
shown an ad, segmented according to state, gender and age—and 
Facebook’s audience estimates, which represent the expected delivery 
proportional to audience size for each category. The D for an ad desti-
nation category c and ad i is given as Dci = O

c
i /E

c
i . Here, D ∈ R+, and 

Oci , E
c
i ∈ N . Oci  is the unique number of times an ad i was shown in an ad 

destination (US state, gender or age) c, and Eci  is Facebook’s estimated 
reach of the ad for the same category if audiences are uniformly sam-
pled from the corresponding population categories.

Most samples collected from Facebook were non-normal and 
heteroscedastic. To address research questions 1 and 2, we applied a 
one-way Kruskal–Wallis test to detect significant differences across 
D samples from different groups. Pairwise differences were analysed 
with Dunn’s test, adjusting P values using the Benjamini–Hochberg 
correction; we report medians. For research question 3, a Fisher’s test 
was used to assess consistency in audience sizes when the same image 
was delivered twice. For research question 4, we used a chi-squared 
goodness of fit test with Bonferroni correction to check if audience 
sizes aligned with Facebook’s reported estimates.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
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