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Abstract

Recently, Meta has shifted towards AI-mediated ad targeting
mechanisms that do not require advertisers to provide detailed
targeting criteria. The shift is likely driven by excitement over
AI capabilities as well as the need to address new data privacy
policies and targeting changes agreed upon in civil rights set-
tlements. At the same time, in response to growing public
concern about the harms of targeted advertising, Meta has
touted their ad preference controls as an effective mechanism
for users to exert control over the advertising they see. Fur-
thermore, Meta markets their “Why this ad” targeting expla-
nation as a transparency tool that allows users to understand
the reasons for seeing particular ads and inform their actions
to control what ads they see in the future.
Our study evaluates the effectiveness of Meta’s “See less” ad
control, as well as the actionability of ad targeting explana-
tions following the shift to AI-mediated targeting. We con-
duct a large-scale study, randomly assigning participants the
intervention of marking “See less” to either Body Weight Con-
trol or Parenting topics, and collecting the ads Meta shows to
participants and their targeting explanations before and after
the intervention. We find that utilizing the “See less” ad con-
trol for the topics we study does not significantly reduce the
number of ads shown by Meta on these topics, and that the
control is less effective for some users whose demographics
are correlated with the topic. Furthermore, we find that the
majority of ad targeting explanations for local ads made no
reference to location-specific targeting criteria, and did not
inform users why ads related to the topics they requested to
“See less” of continued to be delivered. We hypothesize that
the poor effectiveness of controls and lack of actionability
and comprehensiveness in explanations are the result of the
shift to AI-mediated targeting, for which explainability and
transparency tools have not yet been developed by Meta. Our
work thus provides evidence for the need of new methods for
transparency and user control, suitable and reflective of how
the increasingly complex and AI-mediated ad delivery sys-
tems operate.

Introduction
In the first quarter of 2024, Meta brought in $35.6 billion
in ad revenue (Meta 2024b), with their targeted advertis-
ing and matching systems helping advertisers reach new and
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existing audiences for whom the ads are particularly rele-
vant (Meta 2022a). However, extensive prior work now de-
tails the harms that such targeted ads, pushed to users’ feeds
based on information collected about them without their ex-
plicit control, can have on users. For example, ads on sub-
jects such as body weight control and image can increase
anxiety and threaten users’ health (Gak, Olojo, and Salehi
2022). Queer users have pointed out the dangers of targeted
advertising in violating their privacy and control over their
identity, and expressed the need for better explanations and
controls to mediate the information and assumptions used to
target their ads (Sampson, Encarnacion, and Metaxa 2023).
Users with particular health conditions note the helplessness
and trauma they feel when ads related to their health are
forced onto their feed, with no way to completely stop these
ads or prevent targeting based on inferred traits (Wu et al.
2023).

In response to these harms, Facebook (currently Meta)
built a suite of user-facing tools such as ad preferences and
individual ad targeting explanations, aimed to give users
control and agency over the ads they see. A key ad person-
alization control tool is a button that allows users to mark
“See less” to specific ad topics in Ad Preferences. Facebook
promises that after marking “See less” for a topic, advertis-
ers won’t be able to target the user by specifying an interest
in that topic for all future ads (shown in Figure 2) (Facebook
Help Center 2024). A key transparency control tool is the
“Why am I seeing this ad?” interface (shown in Figure 1) at
the top of each ad (Meta 2019), which Facebook promises
details the advertiser choices and user activity that informed
that ad’s delivery. Furthermore, the explanations are aimed
to help users inform their ad control choices, as they provide
a key entry point to the ad preferences.

Previous work has already found these controls to have
limited accessibility (Hsu et al. 2020) and the ad explana-
tions to not be fully transparent (Andreou et al. 2018). Our
main focus is understanding whether the effectiveness of
these controls and explanations are further hampered by
the recent shift to AI-mediated targeting on Meta.

The shift to AI-mediated targeting has been a result of
the introduction of new privacy protections and restrictions
on targeting due to regulatory, competition, civil rights and
political considerations. In particular, new data privacy poli-
cies, such as Apple’s App Tracking Transparency, have pres-

Proceedings of the Seventh AAAI/ACM Conference on AI, Ethics, and Society (AIES 2024)

255



Figure 1: The options presented to users after clicking into
the “Why am I seeing this ad?” interface.

sured Facebook to develop mechanisms to find audiences to
deliver ads to while having less direct access to user data,
especially from the advertisers. Furthermore, in response
to a 2018 civil rights settlement on discrimination in em-
ployment advertising (ACLU 2018), a 2022 settlement on
discrimination in housing advertising (The US Department
of Justice 2022), and continued public pressure on the po-
tential harms of political advertising (Shane 2017; Ribeiro
et al. 2019; Weintraub 2019), Facebook has removed thou-
sands of targeting categories from its advertiser-facing tools
from 2022 to 2024 (Meta 2021, 2024c; Sapiezynski et al.
2024) and now aims to decrease skew in delivery of housing
and employment ads (Austin 2022, 2023; Bogen et al. 2023;
Timmaraju et al. 2023).

At the same time, to continue delivering on its message
of the value of personalized advertising to users and the
value of helping the advertisers reach the right audiences,
Facebook has introduced new AI-mediated targeting and au-
dience selection tools and new server-side tracking tools
(El fraihi et al. 2024). One such AI-mediated audience se-
lection tool, Advantage+ Audiences (Meta 2022a), promises
to improve advertiser experiences and reduce costs (Meta
2020, 2022b, 2024c), using AI to identify relevant users
without explicit targeting criteria such as user demograph-
ics and interests provided by the advertiser. Instead, Advan-
tage+ relies on data about users’ past conversions and brows-
ing behaviors, and ad interactions of users that are algorith-
mically deemed similar, to narrow audiences on the adver-
tisers’ behalf (Meta 2024a).

Much of recent AI-based technology suffers from lack of
interpretability and explainability, both due to its algorith-
mic complexity and due to the complexity of the data it
relies upon (Lipton 2018; Poursabzi-Sangdeh et al. 2021).
We thus hypothesize that the shift to AI-mediated target-
ing brings new challenges to the effectiveness of controls
and explanations related to advertising personalization, as
those tools likely have not kept pace with the shift to AI and
are likely still built around categorical (i.e. demographic-,
interest-, and activity-based) audience creation practices. We
hypothesize that since Meta’s suite of new Advantage+ tools
no longer requires advertisers to supply precise targeting cri-
teria, there is no clear pathway for users to see particular in-
terests in their “Why this ad?” explanations, or for the ad
delivery algorithm to act upon the “See less” user actions

for specific topics. The result is lack of effectiveness of ad
controls and explanations.

Our work and contributions We perform a large-scale
sociotechnical audit to measure how Facebook’s ad match-
ing algorithm responds to user-initiated changes in ad con-
trols on the topics of Body Weight Control and Parenting in
early 2024. We recruit a generic group of users and a group
of users whose age and gender are correlated with interest in
each topic to understand whether it is more difficult for users
belonging to certain demographic groups to effectively opt-
out of certain ad topics. We randomly assign our recruited
participants to mark “See less” to the ad topics and measure
whether there is an observable change in the number of ads
those users subsequently receive about those topics. Finally,
to provide insight into the impact of Advantage+ audiences
on ad explanations, we collect the targeting explanations at-
tached to each ad and quantify the misalignment between
the ad content and explanations.

Our findings provide new quantitative evidence of the in-
effectiveness of marking “See less” to the topics of Body
Weight Control and Parenting. They also show that ad tar-
geting explanations do not productively inform ad control
changes, including for ads relating to topics that users have
marked to “See less” of. We summarize our findings as fol-
lows:

• We find large-scale, quantitative evidence of the ineffec-
tiveness of Facebook’s “See less” ad control that was
built around categorical targeting of demographics, in-
terests, and behaviors.

• We compare the effectiveness of “See less” ad controls
across demographics, and find the controls are less effec-
tive for some users belonging to demographic groups that
are more likely to have actual experiences with the topic
they are trying to “See less” of.

• In our analysis of ad targeting explanations we find that
the majority fail to be informative and do not connect to
existing ad controls. In particular, the misalignment of
generic geographic targeting explanations with evidently
local ad content offers insight into the effects of Advan-
tage+ audience targeting on actionability of ad explana-
tions.

These results validate our hypothesis that AI-mediated
targeting mechanisms negatively impact the effectiveness of
ad controls and the actionability of ad delivery decisions,
leading to a substantial decrease in meaningful transparency
and control over advertising personalization for the users.
Our work thus motivates new research questions in explain-
ability of AI, particularly in reconciling AI-mediated target-
ing and matching with the need for faithful, actionable ex-
planations and controls.

Related Work
Existing research outlines the importance of user control,
transparency, and algorithmic audits in supporting users and
holding platforms accountable for their targeted advertising
systems.
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User Control Providing users with control over the ads
they see is crucial for maintaining their agency and safety.
Ad delivery algorithms continue to show clickbait, untrust-
worthy, and distasteful ads despite including ad quality in
their ad ranking process (Zeng, Kohno, and Roesner 2021).
Ads can also cause psychological distress, loss of autonomy,
changes to user behavior, and marginalization or traumatiza-
tion (Wu et al. 2023).

Our study of Facebook’s ad controls focuses on ad topic
controls, inferred from users’ activities and used in ad ex-
planations. For users with histories of disordered eating, tar-
geted advertising worsened anxiety surrounding food and
exercise and negatively impacted self-esteem (Gak, Olojo,
and Salehi 2022). For years, women have noted their in-
ability to see fewer ads related to pregnancy and children’s
health, increasing anxiety and forcing them to revisit trauma
(Brockell 2018; Contreras 2022). While users cannot fully
remove assigned ad topics, they can mark “See less” to ads
relating to these topics. Given users’ expressed desires to
exert control over ads relating to Body Weight Control and
Parenting, we focus on these topics in our study of effective-
ness of Facebook’s “See less” ad control.

Despite Facebook’s communications regarding the power
and value of its ad personalization and transparency con-
trol tools (Meta 2019; Facebook Help Center 2024), re-
search continues to find that current systems have ineffective
algorithmic controls, opaque and misleading explanations,
and poorly designed interfaces, all reducing user agency
(Chromik et al. 2019). Other studies have emphasized the
lack of usability of existing ad interfaces, (Habib et al. 2020,
2022; Leon et al. 2012), arguing that controls are not suffi-
ciently accessible nor are they aligned with user needs.

Algorithmic Transparency Given the complexity of AI-
mediated ad targeting systems, algorithmic transparency is
crucial for users’ understanding of how their data is used to
make ad delivery decisions and inform ad control changes.
When users do not fully understand AI systems, they build
their own inferences about how the algorithm functions
(Yuan et al. 2023) and expect improvement (Smith-Renner
et al. 2020), which can lead to misinformed attempts at con-
trol and frustration. Users also note the importance of accu-
rate ad explanations for ads leveraging personal data, inter-
est targeting, and custom audiences to maintain a sense of
control over their data (Lee et al. 2023; Wei et al. 2020), and
their desire to understand how algorithms use their infor-
mation to make inferences (Dolin et al. 2018; Eslami et al.
2018). Transparent explanations and opportunities for feed-
back through ad controls help inform productive choices
over AI-mediated decisions and user data (Smith-Renner
et al. 2020).

Recent research by (Chouaki et al. 2022) suggests that
changes to Facebook’s ad platform have driven a shift away
from advertiser-driven microtargeting, finding that the ma-
jority of ads did not use microtargeting in comparison to a
2018 study (Cabañas, Cuevas, and Cuevas 2018). We hy-
pothesize that shift towards generic, AI-mediated targeting
threatens transparency, since ad delivery algorithms can no
longer rely on advertiser targeting criteria to explain ad de-

livery, creating new transparency challenges.
Additionally, many problematic ads use no targeting, in-

dicating that the ad delivery algorithm perceives them as
relevant to users rather than delivering them based on au-
dience targeting (Ali et al. 2023). When ad explanations are
incomplete or incorrect, users may still attempt to infer ex-
planations and are hesitant to blame algorithmic error, mis-
informing future actions to control their ads (Eslami et al.
2018; Rader and Gray 2015). Complete, accurate, and ac-
tionable ad explanations are thus necessary for expressing
what data was used to inform ad delivery and provide users
with information to make productive ad control changes.

Algorithmic Audits Algorithmic audits are essential tools
for investigating the mechanisms of black-box ad delivery
systems to uncover their impacts on privacy, fairness, po-
larization, and user experiences. Previous investigations into
Facebook’s ad targeting revealed that it led to privacy threats
to users’ personal information (Faizullabhoy and Korolova
2018; Korolova 2011); the Meta Pixel sent sensitive medical
information to advertisers (Feathers et al. 2022), and that
adversaries could uncover users’ phone numbers and site
visits by reconstructing custom audience data (Venkatadri
et al. 2018). Audits also revealed discriminatory ad deliv-
ery, with algorithms inequitably delivering harmful ads (Ali
et al. 2022), housing and employment ads (Ali et al. 2019;
Nagaraj Rao and Korolova 2023; Imana, Korolova, and Hei-
demann 2021), and education ads (Imana, Korolova, and
Heidemann 2024), and contributing to echo chambers in po-
litical advertising (Ali et al. 2021). Researchers have also
found that custom audiences can introduce bias (Sapiezyn-
ski et al. 2022) and amplify existing bias (Speicher et al.
2018) in advertiser audiences. Large-scale user audits pro-
vide insight into user experiences with ad systems, such as
issues with ad controls (Datta, Tschantz, and Datta 2015;
Habib et al. 2022), perceptions of problematic ads (Zeng,
Kohno, and Roesner 2021), and preferred ad explanations
(Lee et al. 2023; Wei et al. 2020).

Using a large-scale user audit, our study addresses a gap
in existing research by providing quantitative evidence of the
ineffectiveness of Facebook’s ad topic controls and the poor
actionability of their targeting mechanism, prompted by the
shift to AI-mediated targeting, marketed as Advantage+ au-
diences.

Facebook’s Commitments to Users
Ad Controls
Facebook introduced the “See less” ad control in 2021 fol-
lowed by an update in 2022, just four months before the
release of Advantage+ audiences (Meta 2022a), promising
that the ad topic control allows users to restrict the interest
targeting categories used to reach them and the exert con-
trol over the ad content they see by opting to see fewer ads
relating to certain topics (Meta 2021). Figure 2 shows their
claim to users that “you won’t get as many ads about that
topic and advertisers can’t target you based on an interest in
it” (Facebook Help Center 2024).

When we tested the “See less” control in 2024, Facebook
returned a popup message indicating that an ad control set-
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Figure 2: Facebook’s description of the outcome of marking
“See less” (Facebook Help Center 2024), and the message
returned when the “See less” control is changed for the topic
Parenting.

ting had been changed, shown in Figure 2. The commitment
to show fewer related ads “soon” is vague, but we still expect
users to see fewer related ads to a topic they have marked to
“See less” of over a period of a couple weeks.

Ad Explanations
One of Facebook’s five pillars of AI (Pesenti 2021) is
“Transparency & Control.” One mechanism to uphold this
pillar is the “Why am I seeing this ad?” interface attached
to each ad, initially debuted in 2014 (Meta 2019). The
“Why am I seeing this ad?” interface includes an “Adver-
tiser Choices” section listing an advertiser’s targeting mech-
anisms, such as profile information, custom audiences, inter-
ests, and location (Meta 2019). A 2023 update adds a “Your
activity” section listing previous user activity that influenced
ad delivery, outputted by machine learning models similar to
the ones that inform ad delivery (shown in Figure 6) to fur-
ther increase transparency (Meta 2023). To be fully trans-
parent, we expect these explanations to contain all of the
“Advertiser Choices” that led to a user being targeted.

Methodology
In this section, we describe the structure of our user survey
to perform a large-scale sociotechnical audit of Facebook’s
ad controls and ad explanations for two topics: Parenting
and Body Weight Control. Our goal is to evaluate whether
they uphold Facebook’s commitments to users made in their
descriptions of ad explanations and ad controls.

Participant Recruitment
We recruit participants for our study on Prolific (Prolific
2024) and use Prolific’s built-in screeners based on partic-
ipants’ self-identified characteristics to choose two sets of
Prolific users: one set with users who may be more likely to
have ads related to Parenting and one set with users who may

be more likely to have ads related to Body Weight Control.
Given the inherently limited scope of our study, we chose
these topics due to previously expressed concerns about ads
worsening trauma related to parenting (Brockell 2018; Con-
treras 2022) or exacerbating food- and exercise-related anx-
iety (Gak, Olojo, and Salehi 2022). Participants in each set
match the following screening characteristics:

• Parenting: Has a child less than 10 years old, currently
living with their child, uses Facebook.

• Body Weight Control: Has gone on a diet in the past,
marked “Health & Fitness” as a hobby, exercises “Some-
times” or “Often,” uses Facebook.

Furthermore, to test our hypothesis that it is more diffi-
cult for users belonging to demographic groups that Face-
book deems correlated with the topics to effectively change
the ads they see via the provided “See less” controls we de-
velop the following correlated demographics for each inter-
est, used in combination with our previous screeners:

• Parenting: Women aged 25 to 45, since they are most
likely to be new parents (Bui and Miller 2018).

• Body Weight Control: Women aged 18 to 59 and men
aged 40 to 59, since these groups are most likely to have
experiences with dieting and weight loss (Martin et al.
2019).

In sum, we recruit 201 participants, 110 from the Par-
enting screener, of whom 68 match the Parenting correlated
demographic, and 91 from the Body Weight Control (BWC)
screener, of whom 31 match the correlated demographic.
Table 1 shows the demographic breakdown of our partic-
ipants. Our participants’ demographics are skewed towards
women and individuals under 50, in line with the skewed
demographics of Prolific users (Charalambides 2021).

Study Design
We asked all participants to collect the ads they see on Face-
book and share them in three separate rounds of the study,
separated by approximately one week each, in a process out-
lined in Figure 3.

Variable Value Parenting BWC
n % n %

Gender Woman 92 83.6 57 63.3
Man 18 16.4 34 36.7

Age 18-29 23 22.1 17 18.7
30-49 70 67.3 46 50.6
50-69 12 11.5 25 27.5
> 69 0 0 3 3.3

Correlated 1 (yes) 68 61.8 31 34.1
0 (no) 42 38.2 60 65.9

Total 110 91

Table 1: Demographics of participants, stratified by topic.
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Figure 3: Timeline of our user survey to collect feed ads with randomized ad control intervention.

After analyzing the set of shared ads from Round 0, we
asked the 62 participants for the topic Parenting and 79 par-
ticipants for the topic Body Weight Control who did not see
any ads related to their assigned topic to visit the websites
of advertisers related to their topic. During Round 1, we
asked a randomly chosen half of participants from each topic
group, whom we subsequently call our intervention group,
to mark “See less” to their assigned topic, then share the
ads they saw immediately after that. For the topic Parenting,
46 participants exercised the “See less” ad control and for
the topic Body Weight Control, 28 participants exercised the
“See less” ad control. The other participants, whom we sub-
sequently call our Control group, were not asked to perform
any action and were only asked to share the ads they saw, as
in Week 1. During Round 2, we again asked the groups of
participants who did not see any ads related to their assigned
topic to visit the websites of advertisers related to their topic.

We selected the websites for participants without related
ads to visit from stereotypical advertisers in Parenting and
Body Weight Control, prioritizing selection using the num-
ber of advertisements the advertiser was actively running as
listed by the Facebook Ad Library. Then, we verified their
websites use Meta Pixels to track participant data using The
Markup’s BlackLight tool (Mattu and Sankin 2020). We did
this to simulate users with continued web activity to sites re-
lated to topics they marked to “See less” of, which should
not reduce the effectiveness of the “See less” ad control.

For each ad, we collected the advertiser, the “Why am
I seeing this ad?” information attached to each ad, and a
link to the ad. The large-scale study consisted of one pre-
intervention round (Round 0), collecting 8 feed ads per par-
ticipant, followed by 2 post-intervention rounds (Round 1
and Round 2), collecting 7 feed ads per participant. The pilot
study consisted of Round 1 and Round 2 from the large-scale
study, including the randomized intervention and the sorting
of participants into groups with related and unrelated ads.

Parenting Body Weight Control
Goodnites Planet Fitness
Primrose Schools Noom
Care.com WeightWatchers
Pampers Nutrisystem
Graco Baby OrangeTheory
Kindercare WHOOP
BuyBuyBaby MyFitnessPal
The Nok Box

Table 2: Advertisers related to participants’ topic of interest.

Measuring Ad Control Effectiveness
We first study the effectiveness of the “See less” control by
measuring how the average number of ads related to topic
marked “See less” changes over time for the intervention
versus control groups. We split our data into two datasets,
one for participants assigned the topic Parenting and one for
Body Weight Control. Then, we create a codebook to assign
each ad a score based on its relatedness to a participant’s
assigned topic, calculating the average relatedness for the
intervention and control groups in each dataset. We find that
the intervention and control groups experience similar rates
of related ads over time, suggesting that the “See less” inter-
vention may not be effective.

Classifying Related Ads
We manually code the relatedness of each ad to the partici-
pant’s assigned topic, either Parenting or Body Weight Con-
trol, along the following scale: “Not related” = 0, “Some-
what related” = 0.5” and “Related” = 1. We assign each ad j
with a numeric ad score[j] using this relatedness scale.1

1The statistical significance of our results is robust to changes
in the magnitude of our ad relatedness scale; values from 0 to 1
were chosen for simplicity.
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Figure 4: From left to right, ads coded with relatedness = 0,
0.5, 1 to Parenting.

Figure 5: From left to right, ads coded with relatedness = 0,
0.5, 1 to Body Weight Control.

• Score of 0: The text or image does not contain informa-
tion related to the blocked topic.

• Score of 0.5: The text or image contains information
somewhat related to the blocked topic. Body Weight Con-
trol: diet-focused meal planning services, exercise equip-
ment, and ad images referencing fitness and nutrition.
Parenting: children’s activities, toys, and images of chil-
dren with references to parenting.

• Score of 1: The text or image contains information di-
rectly related to the blocked topic. Body Weight Control:
fitness products and services, diet plans, and ad images
promoting weight loss and working out. Parenting: child-
care services, childcare products, and children’s health-
care.

Example ads for Parenting and Body Weight Control are
shown in Figures 4 and 5, respectively.

Measuring Change in Related Ads
For each topic, we combine participant data from the pilot
and large-scale studies by round. We calculate r

(i)
u , the pro-

portion of ads related to their assigned topic shown to a user
u in Round i, by summing the ad scores for each ad j they
encountered in Round i, and dividing that sum by the total
number of ads for that user in that round, nui

:

r(i)u =
1

nui

nui∑
j=1

ad score[j]

For a subset of participants S belonging to a particular
demographic or intervention group, we calculate the average
proportion of related ads in each round.

Parenting Body Weight Control
Round Control Intv. Control Intv.
0 0.130 0.163 0.029 0.038
1 0.123 0.108 0.120 0.060
2 0.191 0.139 0.161 0.114

Table 3: Average proportion of ads µr(i)

S related to the topics
Parenting and Body Weight Control seen by users with and
without marking “See less.”

µr(i)

S =
1

|S|
∑
u∈S

r(i)u

We present the results broken down by round, topic and
group in Table 3. For the topic Parenting, the control group
sees an increase in the proportion of related ads from Round
0 to Round 2, while the intervention group sees a decrease
overall, but a slight increase from Round 1 to Round 2. How-
ever, for the Body Weight Control group, both the control and
intervention groups see an increase in the proportion of re-
lated ads, suggesting the “See less” ad control is ineffective.

Testing for Significance in the Change in
Relatedness
To establish whether the observed change in the proportion
of related ads over time is statistically significant, we use the
Mann-Whitney U test with the significance level α = 0.1
(Mann and Whitney 1947). Specifically, we compare the me-
dian change in related ads over time between the control and
intervention groups. Our analysis did not show a statistically
significant difference in the decrease of related ads between
the control and intervention groups for Parenting or Body
Weight Control, suggesting that the “See less” ad control
does not meaningfully reduce the number of ads related to
the blocked topic.

First, we calculate the change in relatedness from Round
0 to Round 2 for user u as δu:

δu = r(2)u − r(0)u .

Then, we find the median change in the proportion of re-
lated ads experienced by a subset of participants in group S,
mS

δ :

mS
δ = median({δu}, for u ∈ S).

We compare mδ for the control and intervention
groups, denoted mP,C

δ ,mP,I
δ for the topic Parenting and

mB,C
δ ,mB,I

δ for the topic Body Weight Control. Our null hy-
potheses are mP,C

δ = mP,I
δ and mB,C

δ = mB,I
δ . Table 4 lists

the results of these tests.
As the p-values for both hypotheses are greater than the

significance level of α = 0.1, we conclude that there is
no evidence that the intervention group saw a significantly
greater decrease in the proportion of related ads from Round
0 to Round 2 in comparison to the control group for both
Parenting and Body Weight Control.

260



Null Hypothesis p-value Adjusted p-value

mB,C
δ = mB,I

δ 0.129 0.258

mP,C
δ = mP,I

δ 0.229 0.305
∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1

Table 4: p-values for Mann-Whitney U Tests of Intervention
vs. Control.

Comparison of Demographic Type
We compare the effectiveness of the “See Less” interven-
tion for our topics of interest for all users in the interven-
tion group, split into correlated versus non-correlated demo-
graphics. We hypothesize that the effectiveness of the inter-
vention decreases for participants belonging to demograph-
ics correlated with our topic of interest. Table 5 shows the
average proportion in related ads seen by round and demo-
graphic type, split by topic.

The impact of participant demographic on the average
proportion of related ads shown after the intervention is
mixed for the topics Body Weight Control and Parenting. We
find that for the topic Body Weight Control, participants in
non-correlated demographics see a stronger increase in the
average proportion of related ads shown than participants in
correlated demographics, while for the topic Parenting, par-
ticipants in correlated demographics see an increase in the
average proportion of related ads shown while those in non-
correlated demographics see a decrease.

Parenting Body Weight Control
Round Corr. Not Corr. Corr. Not Corr.
0 0.155 0.187 0.051 0.010
1 0.132 0.048 0.072 0.028
2 0.183 0.041 0.093 0.214

Table 5: Average proportion of ads related to the topics Par-
enting and Body Weight Control seen by users in correlated
demographics and those not in correlated demographic.

Testing for Significance across Demographic Types We
also compare the median change in related ads over time
between participants who marked “See less” belonging to
correlated demographics versus those not belonging to cor-
related demographics using a Mann-Whitney U test. We
compare mδ for correlated and non-correlated demograph-
ics, denoted mP,COR

δ ,mP,NCOR
δ for the topic Parenting

and mB,COR
δ ,mB,NCOR

δ for the topic Body Weight Con-
trol. Our null hypotheses are mP,COR

δ = mP,NCOR
δ and

mB,COR
δ = mB,NCOR

δ . Table 6 lists the results of this test.
For the topic Parenting, participants in correlated demo-

graphics see significantly less of a decrease in related ads
than participants in non-correlated demographics. This pro-
vides statistically significant evidence at α = 0.1 level the
that it is more difficult for users in our defined correlated de-
mographics to see fewer ads related to Parenting than users

Null Hypothesis p-value Adjusted p-value
mB,COR

δ = mB,NCOR
δ 0.995 0.995

mP,COR
δ = mP,NCOR

δ 0.021∗∗ 0.085∗

∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1

Table 6: p-values for Mann-Whitney U Tests between De-
mographic Types.

not in correlated demographics. Conversely, we find no sig-
nificant difference in the median change in the proportion of
related ads between participants who marked “See less” in
correlated versus non-correlated demographics for the topic
Body Weight Control.

Measuring Actionability of Targeting
Explanations

Facebook does not publish information about the number or
types of advertisers using the suite of Advantage+ products,
nor is this information included in the “Why am I seeing
this?” interface. Therefore, to gain circumstantial evidence
of the prevalence of Advantage+ audience use, we first mea-
sure the frequency of location-specific criteria in the ad tar-
geting information of local ads. We then measure whether
topic-specific ads indicate that they were targeted using that
particular topic. We hypothesize that ads delivered using
Advantage+ audience selection only return generic informa-
tion about their location and interest targeting in the expla-
nations, and thus the above measurements would be good
proxies. We find that the majority of location-specific ads do
not reference location information in targeting explanations,
and the majority of ads related to specific interests only re-
turn generic targeting information. The findings support our
hypothesis that the shift to Advantage+ audience selection
reduces ad explanation faithfulness and actionability.

Defining Local Ads and Targeting Explanation
Types
We collected 3,868 ads from 201 participants over three
rounds. We now detail how we label ads as location-specific
and classify targeting information into three types: generic,
activity-based, and interest-based.

Labeling Local Ads To classify ads as local, we establish
specific criteria based on the ad creative’s content. An ad is
labeled as local if it references products and services that are
geographically constrained, meaning they are only accessi-
ble to users within a particular area. We use the following
criteria to determine whether an ad is local:

• Geographic references: ad explicitly references a specific
state, city, town, or neighborhood, excluding vacation
ads.

• Location-based services: ad references services that are
inherently local, such as real estate listings, local events,
or health services.

• Contact Information: ad lists local phone number, ad-
dress, or directions indicating a specific location.
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Figure 6: From left to right, “Why am I seeing this ad?” explanations classified as generic, interest-based, and activity-based.

Targeting Info. Generic Activity Interest
Age ✓ - -
Location (broad) ✓ - -
Language ✓ - -
Gender ✓ - -
Interest ✗ - ✓
Site Visit ✗ ✓ -
Hashed List ✗ ✓ -
Lookalike Audience ✗ ✓ -

Table 7: Coding Ads by Targeting Information

Labeling Targeting Explanations Using the advertising
targeting information from the uploaded “Why am I seeing
this ad?” explanation, we label each targeting explanation
as generic, interest-based, or activity-based, with examples
shown in Figure 6.

We label ad explanations that only included a location
as the United States, age, language, and gender as generic,
since users cannot change these attributes. Generic explana-
tions do not correspond to an existing ad control, and do not
give information as to why the ad was delivered to a specific
user since they are so broad. Ads using Advantage+ audi-
ence selection return generic ad explanations since they do
not rely on manual targeting criteria.

We label explanations listing an interest as interest-based,
which connect inferences of users interests to ad delivery
and inform changes to the “See less” ad control. We label
ad explanations listing web activity, including similar activ-
ity to existing customers, as activity-based, which connect
online activity to ad delivery and inform changes to custom
audience preferences. Ad explanations can be both interest-
based and activity-based. Our full criteria is listed in Table
7. A “✓” indicates included information and a “✗” indicates
excluded information. A label is added to an explanation
when all included and excluded information is satisfied.

Targeting Explanations by Ad Type
Local Ads We now present our findings for local ads and
their explanations (see Figure 7). To uphold actionability
and faithfulness to ad content, we expect local ads to specify
either location-specific targeting or activity-related informa-
tion in the explanations. We find that this is not the case –
67% of local ads only included generic targeting informa-

tion, while 17% listed interest-related targeting information
and 16% listed activity-related targeting information. Thus,
for the vast majority of local ads, the explanations are not
faithful or actionable, as we would expect local ads to ei-
ther list local targeting or activity-based targeting as reason-
ing why it was delivered to specific users. We cannot reli-
ably tell whether the underlying reason for generic targeting
is Advantage+, but AI-mediated audience selection is one
likely explanation for such a prevalence of missing local or
activity information. The lack of faithfulness for local ads
makes it challenging for users to understand what controls
to leverage.

Interest-Specific Ads We now present our analysis of the
targeting information attached to the 222 related ads deliv-
ered in Round 2, one week after the “See less” intervention.
We focus on Round 2 since these ads were delivered after we
would expect the intervention to be fully effective. There-
fore, we expect faithful explanations to inform participants
why an ad was delivered despite the control, rather than re-
turning generic targeting explanations that do not reference
the user’s expressed preferences to “See less.”

We calculate the proportion of generic, interest-based, and
activity-based targeting information for the control and in-
tervention groups, shown in Figure 8. We also include the
proportion of ads from advertisers that participants with no
related ads were instructed to visit (“Pixeled” advertisers)
from Table 2.

Figure 7: Proportion of targeting information type for local
ads.
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Figure 8: Proportions of targeting information type for re-
lated ads, post-intervention.

Similar to our findings with respect to explanations for
local ads, we find that the majority of targeting explanations
for interest-specific ads are generic; moreover, the interven-
tion group sees an increase in activity-based targeting expla-
nations. Both of these findings are consistent with what one
would expect from AI-mediated targeting and delivery, since
AI-mediated targeting is not aligned with the interest-based
“See less” ad control, so users are targeted despite the con-
trol, returning a majority of generic targeting explanations.

In summary, the prevalence of generic targeting informa-
tion reduces the actionability of explanations, since they do
not help users understand why ads were delivered to them or
express their ad preferences to change the ads they see.

Discussion
We demonstrated the ineffectiveness of Facebook’s “See
less” ad topic control and the lack of actionability in ad ex-
planations, evidenced by the prevalence of generic ad tar-
geting explanations. Along with Chouaki et al., we attribute
these issues in user-facing controls and transparency tools
to the recent shift from advertiser microtargeting to AI-
mediated audience selection (Meta 2022a).

Broadly, our findings illustrate the significant challenges
in preserving transparency, actionability, and user control
over complex AI systems. Previous research has highlighted
the difficulty of balancing data deletion with explainable
decisions in AI-mediated recommendation systems (Pawel-
czyk et al. 2023). As new data privacy regulations and gover-
nance protections emerge, it is crucial to investigate how AI
systems can support users’ rights to transparency and control
while employing AI-mediated targeting mechanisms.

More specifically, our findings reflect a fundamental mis-
alignment between Facebook’s existing ad controls and ex-
planations with their new ad delivery system. Advantage+
audience selection shows how AI can improve ad targeting
while reducing the collection of user data, potentially im-
proving privacy, but this improvement currently comes at
the cost of effectiveness of user-facing control and faithful-
ness in the transparency of ad targeting decisions. Therefore,
future research, especially from platforms, is necessary to

develop new mechanisms for transparency and user control
that align with the shift to AI-mediated ad targeting and de-
livery systems.

Limitations & Future Work
First, our study collected a relatively low number of ads, col-
lecting a maximum of 22 ads per participant, instead aiming
to attract and retain a high number of participants. Future re-
search could conduct a longitudinal study similar to the work
done by the Panoptykon Foundation (Sapieżyński 2023), but
with a larger number of participants. Additionally, due to our
limited budget for recruiting participants and the difficulty of
finding participants with high proportions of related ads, we
asked participants to artificially change their web activity by
visiting sites related to their blocked topics. The construc-
tion of surveys and collection of data could be streamlined
with a browser extension hosting surveys and automatically
collecting participants’ ad data as in Lam et al..

Ethics
Because of the potentially private nature of the ads users see,
to minimize potential harm, we collected the minimum data
necessary for our research goals and made the data sharing
with us optional when possible. Our study and data collec-
tion and storage practices were approved by our Institutional
Review Board. We ensured participants were fully briefed
on the scope of the study prior to consenting and paid them
between $12/hr and $20/hr, increasing payments for more
time- and data-intensive surveys. We believe that participa-
tion in our study, such as clicking on “Why this ad?” in-
formation did not affect users’ experiences on the Facebook
platform and exercising the “See less” controls both had lim-
ited effect and was transparent to users and they could have
chosen not to follow this instruction, without penalty. We did
not use any automated scraping to collect the data.

Conclusion
In our large-scale study, we found that participants mark-
ing “See less” to Parenting and Body Weight Control did
not see a significant decrease in the proportion of ads re-
lated to these topics over time. Furthermore, some users
in correlated demographics with their blocked topics saw a
higher proportion of related ads, on average, than users not
in correlated demographics. Finally, the majority of local ads
and topic-related ads delivered to users post-intervention in-
cluded only generic targeting information, failing to guide
users as to what controls they could further exercise to de-
crease the proportion of ads on these topics. Overall, our
study demonstrates that the push for advertisers to use Ad-
vantage+ audiences and the resulting AI-mediated user tar-
geting, without the corresponding updates to the technology
behind explanations and controls, leads to the prevalence
of generic targeting information and the ineffectiveness of
the “See less” ad controls. Our work motivates future re-
search into transparency and control interfaces that are ef-
fective when the primary targeting process is AI- rather than
advertiser- driven.
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