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Abstract
YouTube has evolved into a powerful platform where creators
monetize their influence through affiliate marketing, raising
concerns about transparency and ethics, especially when cre-
ators fail to disclose their affiliate relationships. Although
regulatory agencies like the US Federal Trade Commission
(FTC) have issued guidelines to address these issues, non-
compliance and consumer harm persist, and the extent of
these problems remains unclear. In this paper, we introduce
tools, developed with insights from recent advances in Web
measurement and NLP research, to examine the state of the
affiliate marketing ecosystem on YouTube. We apply these
tools to a 10-year dataset of 2 million videos from nearly
540,000 creators, analyzing the prevalence of affiliate mar-
keting on YouTube and the rates of non-compliant behavior.
Our findings reveal that affiliate links are widespread, yet dis-
closure compliance remains low, with most videos failing to
meet FTC standards. Furthermore, we analyze the effects of
different stakeholders in improving disclosure behavior. Our
study suggests that the platform is highly associated with im-
proved compliance through standardized disclosure features.
We recommend that regulators and affiliate partners collab-
orate with platforms to enhance transparency, accountability,
and trust in the influencer economy.

1 Introduction
YouTube has transformed into a cultural and economic
force, with millions of viewers regularly turning to their
favorite creators for advice, recommendations, and infor-
mation. A recent YouTube Trends survey (YouTube 2024)
found that 65% of online users aged 14-24 identified as
“creators”, while 85% considered themselves fans of other
creators. Over half reported either spending money on their
fandom or monetizing their own following. This shift high-
lights how creators influence consumer behavior by bridging
entertainment and commerce. Brands and advertisers have
taken notice, increasingly investing in influencer marketing
(O’Hara 2024). A recent report projects the influencer mar-
keting industry will reach $24B by the end of 2024 (Hub
2024). These investments underscore creators’ growing in-
fluence over consumer decisions.

Despite their strong cultural and economic influence,
creators often face challenges with YouTube’s frequently
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changing monetization policies, definitions of “advertiser-
friendly content”, and unpredictable demonetization algo-
rithms (Dunna et al. 2022). Prior research (Caplan and Gille-
spie 2020; Hua et al. 2022) indicate that this instability
drives creators to pursue more reliable income sources to
sustain their online presence, with affiliate marketing emerg-
ing as one increasingly popular alternative (Syrdal et al.
2023; Barbosa and Radnai 2024). Affiliate marketing is
a commission-based strategy in which creators earn rev-
enue by promoting products through personalized hyper-
links known as affiliate links. When a viewer clicks on such
a link and completes an action (e.g., making a purchase), the
creator receives a pre-negotiated commission. This model
offers creators financial stability by allowing them to mone-
tize their audiences without depending solely on YouTube’s
policies and algorithms. However, this revenue model also
brings new challenges around transparency and ethics, as
audiences may perceive influencers as more authentic than
traditional experts (Coco and Eckert 2020). When creators
promote products without clearly indicating affiliate rela-
tionships, it can lead audiences to view recommendations as
unbiased (Morrison 2022), which may undermine trust and,
in some cases, result in consumer harm.

Consumer protection agencies have long recognized the
risks associated with undisclosed influencer marketing. As
early as 2009, the Federal Trade Commission (FTC) issued
guidelines for endorsements in online advertising, which
were updated in 2015 and again in 2023 (FTC 2009, 2024a).
It requires any connection between an endorser and an ad-
vertiser must be disclosed in a manner that is Clear and
Conspicuous (FTC 2024a). Despite these proactive regula-
tory efforts, undisclosed affiliate marketing continues to be
a concern. For instance, several high-profile influencers have
recently promoted cryptocurrencies and NFTs without dis-
closing their personal ties to these projects, costing follow-
ers millions when these ventures failed (Yaffe-Bellany 2022;
McCurdy 2024). As a result, questions remain about the
overall effectiveness of these regulatory measures in safe-
guarding consumer interests.

Affiliate marketing is a growing monetization strategy for
content creators, but little is known about its details. How
prevalent is affiliate marketing on YouTube? Do influencers
commonly disclose their affiliate relationships, or do undis-
closed affiliate links persist across the platform? When dis-
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closures are made, do they align with the standards set by
the FTC? And perhaps more importantly, which stakehold-
ers appear most closely associated with improved disclosure
compliance? A key challenge in addressing these questions
is the complexity of identifying affiliate links and disclo-
sures at scale. Our work tackles these challenges by de-
veloping new methods, leveraging recent advances in Web
measurement and NLP, to accurately identify textual affili-
ate links and related disclosures (see §2 for details). While
affiliate promotions and disclosures can appear in spoken
audio or on-screen visuals during the video, our study fo-
cuses on written affiliate links in video descriptions and
the YouTube Shopping shelf and their accompanying tex-
tual disclosures, in line with FTC guidance requiring that
disclosures match the format and placement of the promo-
tional content (FTC 2024a,b). Using these tools, we analyze
over 2 million YouTube videos from nearly 540,000 unique
creators across a diverse range of content, providing a com-
prehensive view of affiliate marketing on YouTube. In par-
ticular, we address the following questions.

• RQ1. How prevalent is affiliate marketing on YouTube,
and to what extent do creators disclose their affiliate
relationships in compliance with FTC guidelines? (§3)
We introduce a new approach for identifying affiliate
links, addressing limitations of prior research to measure
the prevalence of affiliate marketing across our dataset.
Then we deploy a series of transformer-based classifiers
to detect affiliate marketing disclosures. This combined
approach allows us to quantify the prevalence of affil-
iate marketing across the platform and assess whether
creators comply with the FTC’s “clear and conspicu-
ous” standard. We analyze patterns by content category
and channel size, revealing that affiliate marketing is
widespread, particularly in product-oriented communi-
ties and larger creators, however, compliance with FTC
standards remains low.

• RQ2. How do different stakeholders influence affiliate
disclosure compliance on Youtube? (§4) Building on our
discovery that most affiliate containing videos fail to
meet FTC disclosure standards, we investigate the roles
that three different stakeholders (YouTube, regulators,
and affiliate partners) play in shaping compliance out-
comes. Our analysis shows that videos linked to affili-
ate partners that provide public disclosure guidelines, as
well as those published after FTC policy updates, exhibit
modest improvements in compliance. In contrast, videos
featuring platform-level mechanisms, such as the auto
disclosure tool in the YouTube Shopping tab, show sub-
stantially higher compliance rates. While these findings
are observational and do not imply causality, they high-
light the potential for platforms to serve a central role in
providing standardized disclosure solutions.

Together, these research questions address key gaps in
our understanding of affiliate marketing and disclosure prac-
tices within YouTube’s influencer economy. By examining
both the prevalence of affiliate links and compliance with
FTC disclosure standards, this study offers a comprehen-
sive view of the ongoing consumer protection and trust

Source # videos # hyperlinks # channels

Reddit (DReddit) 1.88M 3.78M 480.0K
Random (DRandom) 64.2K 216.0K 58.7K
Trending (DTrending) 46.6K 120.1K 7.5K
Shopping (DShopping) 10.9K 90.2K 2.9K

Total (D) 2.00M 4.13M 539.9K

Table 1: Summary of our dataset. Numbers reflect the num-
ber of unique videos, hyperlinks, and channels per source.

challenges within the affiliate marketing ecosystem. Addi-
tionally, by analyzing how compliance varies across differ-
ent stakeholder contexts, our findings suggest that platform-
integrated disclosure tools are highly associated with im-
proved transparency and compliance. Regulators and affili-
ate partners should collaborate with platforms to help design
such tools and support monitoring and oversight.

2 Data and Methods
Our study on identifying affiliate links and related disclo-
sures consists of three main components: video collection
(§2.1), affiliate link detection (§2.2), and disclosure classi-
fication (§2.3). An overview of the full analysis pipeline is
illustrated in Figure 1 1.

2.1 YouTube Video Collection
Our goal was to create a sample of videos that could si-
multaneously achieve three objectives: represent (1) the
videos consumed by the general YouTube audience across
a wide range of topics; (2) the behaviors within the af-
filiate marketing ecosystem before and after 2018, a piv-
otal year marked by increased FTC enforcement actions
for endorsement guideline violations and the repercussions
of the “Adpocalypse”; and (3) the videos chosen through
different YouTube promotion mechanisms. To achieve this,
we collected videos from four distinct sources. The Reddit
dataset (DReddit) includes YouTube links extracted from Red-
dit posts, and the Random dataset (DRandom) was generated
using a five-character prefix method to randomly sample
video IDs (Mathur, Narayanan, and Chetty 2018). To capture
algorithmically promoted content, we included the YouTube
Trending dataset (DTrending), compiled from a Kaggle source
and continuous API crawling of YouTube’s US and global
Trending tabs every 15 minutes. Lastly, the Shopping dataset
(DShopping) consists of influencer-promoted product videos,
scraped every 15 minutes from YouTube’s Shopping tab,
which features content selected by YouTube’s shopping pro-
gram. Table 1 summarizes the contributions of each source.
Overall, our dataset contains 2 million unique publicly listed
videos, uploaded between 01/2015 and 12/2024, spanning
539.9K channels and 16 video categories. For each video,
we extract all hyperlinks from two sources: the video de-
scription and the tagged products section in YouTube’s shop-

1Code and analysis results are available at: https://osf.io/
3xpwg/?view only=fd0cb236942142ad915d9d0c1534a8e0
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Figure 1: Overview of our approach for detecting affiliate links and analyzing disclosure compliance.

ping icon, if present. In total, our dataset contains 4.13M
unique hyperlinks.

2.2 Detecting Affiliate Links
Our next goal was to identify textual affiliate links in
each video, including those found in the video description
and YouTube’s shopping shelf. Prior approaches (Mathur,
Narayanan, and Chetty 2018; Hua et al. 2022; Swart et al.
2020; Ballard et al. 2022) relied on regular expressions or
word-domain co-occurrences; however, such methods can
be easily evaded when link structures change or when dual-
purpose and shortened domains are used. To address this, we
design a scalable, redirect-chain-based method that captures
browser behaviors triggered by clicking each link, making
our approach effective and robust against these challenges.
At a high level, our approach to detecting affiliate links is
based on the insight that, due to the mechanisms underlying
affiliate linking, the characteristics of the resulting redirects
and browser behaviors differ fundamentally from those of
non-affiliate links. This approach was inspired by recent re-
search from Munir et al. (2024), who used a similar method
to identify and block tracking-related data exfiltration from
a user’s browser via URL. We operationalize this insight
through the three-phase approach described below.
Phase 1: Labeling known hyperlinks. The first phase in-
volved applying the regular expression-based approaches
used by Mathur et al. (Mathur, Narayanan, and Chetty 2018)
and Swart et al. (Swart et al. 2020) to identify non-shortened
affiliate links with well-known structures. For instance,
non-shortened links to Amazon affiliate storefronts follow
the format www.amazon.com/shop/<store name>,
while non-shortened links to affiliate-promoted products in-
clude the tag=<affiliate id> key-value pair in the
URL. We manually crafted a set of regular expressions us-
ing a sample of the top 1000 most frequently observed do-
mains within our dataset. The URLs and public information
associated with each of these domains were manually exam-
ined to identify patterns commonly associated with affiliate
programs (e.g., containing an affiliate id=<id> key-
value pair). Whenever possible, we created regular expres-
sions based on these patterns, and these regular expressions
were then used to automatically label any matching links as

affiliate links. Since they were very common, we also crafted
regular expressions to identify links to creators’ profiles on
popular social media platforms (YouTube, Facebook, Insta-
gram, Twitter, Snapchat, and TikTok), which were automat-
ically labeled as non-affiliate links. In total, 29% of the hy-
perlinks in our dataset were labeled using this approach.

Phase 2: Generating interaction graphs. At the end of
Phase 1, 71% of the hyperlinks could not be labeled as af-
filiate or non-affiliate links. Next, we applied an approach
similar to that of Munir et al. (Munir et al. 2024), instru-
menting the browser to create an interaction graph that cap-
tures the browser’s behavior from the moment a hyperlink is
clicked until it reaches a final landing page (i.e., one with no
further redirects). We loaded each video in our dataset us-
ing OpenWPM (v0.17.0) (Englehardt and Narayanan 2016),
wrapped around Firefox (v102) and driven by Selenium
(v4.13), while following best practices for interaction-driven
crawling (Ahmad et al. 2020). Each hyperlink in the video
description was then clicked to generate an interaction graph
which captures the resulting sequence of redirects and infor-
mation flows between the user’s browser and other entities.
More details on these graphs are provided in Appendix A.

Phase 3: Feature extraction and classification. We then
extracted features from each interaction graph in our dataset,
focusing on two types of features: graph structural features
and redirect features. Structural features captured the gen-
eral structure and connectivity of the interaction graph (e.g.,
graph density, centrality, average shortest path between all
pairs of nodes), while redirect features focused on the char-
acteristics of the redirects (e.g., number of query parame-
ters attached to network nodes, length of the redirect chain,
Shannon entropy of key-value pairs). To create a ground
truth dataset for classifier development, we used features
extracted from the interaction graphs of the affiliate links
identified in Phase 1 as our labeled ‘Affiliate’ samples. Two
authors then manually inspected the most frequently linked
landing page domains within YouTube descriptions, along
with the domains within their redirect chains, until they
identified 1,000 landing page domains without any affiliate-
link indicators. The annotating authors shared 100 ran-
domly selected overlapping domains, which they each eval-
uated independently, discussing challenging cases halfway
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through. In the first half of their non-affiliate annotations,
they achieved a Cohen’s κ of 77%. Following discussion,
Cohen’s κ increased to 85% for the remaining shared do-
mains. This process is described in more detail in Appendix
A. The features extracted from links associated with these
1,000 domains served as our ‘Non-affiliate’ samples. We
then used these samples to train a random forest classifier
due to its robustness to overfitting and success in prior in-
teraction graph-based classification tasks (Iqbal et al. 2020;
Munir et al. 2024). We split the ground truth dataset into
three parts: a training and testing set (60%) and two hold-
out sets (20% each), one holdout set had domains seen dur-
ing training while the other only contained entirely unseen
domains to assess the generalizability of the model. Using
the training/testing set, we applied 5-fold cross-validation
and performed a grid search to optimize hyperparameters.
Our affiliate link classifier achieved strong performance,
with an F1-score of 92.8%–96.1% across the two holdout
sets. In contrast, prior regex-based approaches achieved F1-
scores of 18.5-23.1%. This dramatic difference in perfor-
mance is largely due to the high prevalence of shortened
URLs and affiliate-related information flows that are only
visible through analysis of redirect chains.

2.3 Detecting Affiliate-Related Disclosures
Our final goal was to evaluate whether affiliate disclosures
are present and whether they meet FTC standards. We fo-
cused exclusively on English-language text disclosures in
the description box and the shopping tab, and did not an-
alyze audio or on-screen visual disclosures.

Operationalizing FTC standards. We carefully reviewed
the FTC’s updated Endorsement Guides (FTC 2024a), ac-
companying FAQs (2024b), public comments (2024c), and
enforcement cases (2020; 2023). Across these documents,
we found that the FTC consistently evaluates disclosure
compliance based on whether a disclosure is “clear and
conspicuous”. In its 2023 update, the FTC further clarified
this standard as: “a disclosure is difficult to miss (i.e., eas-
ily noticeable) and easily understandable by ordinary con-
sumers.” (2024a). Based on these insights, we decomposed
this standard into two dimensions. (1) Clarity of Compen-
sation which assesses whether the disclosure use plain, un-
derstandable language to explain that the creator receives
financial compensation from the associated link, aligning
with the emphasis on ‘clear’; and (2) Clarity of Relation-
ship which evaluates whether the disclosure can be reason-
ably attributed to the affiliate links that makes it “difficult
to miss”, addressing the requirement for ‘conspicuous’. To
capture disclosure quality, we defined three labels for each
dimension informed by FTC guidance. For the “Clarity of
Compensation” dimension, we introduce: (1) Clear: Disclo-
sures that explicitly state a compensatory relationship (e.g.,
“I earn a small commission”); (2) Ambiguous: Vague or im-
plied support language (e.g., “Support me by clicking be-
low”); and (3) None: Mentions of affiliate terms without ex-
plaining compensation (e.g., “affiliate link”), which the FTC
considers as non-compliant. For the “Clarity of Relation-
ship” dimension, we define: (1) Explicit: Each affiliate link

is individually disclosed; (2) Grouped: A single disclosure
applies to a list of affiliate links; and (3) Mixed group: A
vague statement that covers affiliate and non-affiliate links.

Disclosure annotation. Once we translated FTC guidelines
into computable labels, we annotated textual content from
the description box and shopping tab (from DShopping). For
the videos from DShopping, each affiliate link is clearly tagged
by YouTube with “Earns commission.” We label these as
clearly compliant disclosures for both compensation and re-
lationship dimensions. For affiliate links appearing in video
descriptions, we developed classifiers to assess the presence
and quality of disclosures. We first pre-processed video de-
scriptions into sentence-level segments. Next, we manually
annotated 2K affiliate video sentence-level segments, se-
lected randomly and equally across all four datasets. Each
sentence was initially annotated as a ‘Disclosure’ or ‘Non-
disclosure’. If multiple contiguous sentences are identified
as disclosures, we merged them into a single disclosure seg-
ment to preserve contextual meaning. For segments anno-
tated as disclosures, we manually tagged their “Clarity of
Compensation” and “Clarity of Relationship” using the la-
bels defined above. To ensure annotation quality, two anno-
tators independently labeled an overlapping 10% of the sam-
ple. The inter-annotator agreement was high, with a Cohen’s
κ of 0.86, indicating strong reliability.

Classifier development. Using the annotated dataset, we
trained three BERT-based classifiers, where the input is
a sentence-level text segment and the output indicates
whether the sentence is part of a disclosure and, if ap-
plicable, the “Clarity of Compensation” and the “Clar-
ity of Relationship”. For instance, given the input “If
you click on this link and purchase a product, I get a
small commission at no cost to you,” the model out-
puts “Disclosure” for presence, “Clear” for compensa-
tion, and “Explicit” for relationship. We used the BERT
model (Devlin et al. 2019) for encoding text data and the
BertForSequenceClassification model for our
classification tasks. This model adds a classification layer
over the BERT architecture, producing logits for each class
based on a given input. To prevent overfitting, we balance
the training set via undersampling and apply early stop-
ping if the F1 score does not improve for three consecutive
epochs. 20% of our ground truth annotations were saved as
a holdout set for evaluation of each underlying classifier. On
this set, the models achieved high F1-scores: 96.8% for dis-
closure detection, 98.6% for clarity of compensation, and
97.0% for clarity of relationship. For comparison, we also
implemented a keyword detector using common disclosure
markers (e.g., #ad, sponsored, affiliate link) based on prior
work (Bertaglia et al. 2025; Bertaglia, Goanta, and Iamnitchi
2024) and FTC’s Endorsement Guides (FTC 2024b). With
this broad disclosure keyword list, we achieved an F1-score
of 86.4%. However, these keyword-based methods cannot
assess the clarity of disclosures because of their inability to
capture semantic and positional relationships. Overall, our
classifiers not only achieve higher accuracy but also assess
disclosure compliance and clarity dimensions in alignment
with FTC standards. We provide detailed annotation code-
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book with label definitions, classification performance met-
rics, and error analysis in Appendix B.

2.4 Ethical Considerations
Our study did not involve any direct interactions with
YouTube creators or users. For data collection, we relied
on the YouTube API whenever possible (e.g., for collect-
ing Trending videos and metadata for all videos in our
dataset). We only used an automated crawler to click hyper-
links shown in video descriptions, which is a necessary step
for generating the interaction graphs that underpin our affil-
iate link detection. To minimize the impact on content cre-
ators and the YouTube recommendation system, each video
is visited only once, and each unique link is clicked only
once. Our crawler ignored duplicate URLs and common so-
cial media or profile links. Overall, this automated crawl ad-
hered to YouTube’s implicit rate limits to avoid being clas-
sified as “suspicious traffic” and was conducted exclusively
for this study between 04/2024 and 12/2024. The informa-
tion we recorded included video metadata, description text,
URLs, and browser interactions. In our public release, we
include only publicly available metadata and links. All raw
interaction logs (e.g., cookies and network traces) were used
solely for model development.

3 Prevalence of Affiliate Marketing and
Quality of Disclosures

We now answer the question RQ1: How prevalent is af-
filiate marketing on YouTube, and to what extent do cre-
ators disclose their affiliate relationships in compliance with
FTC guidelines? We first examine overall affiliate link us-
age, disclosure presence and clarity, and key reasons for
non-compliance. We then explore how affiliate and disclo-
sure practices vary across content categories and channel
sizes. We introduce seven metrics. Four capture the preva-
lence of affiliate marketing: fraction of videos that contain
affiliate links (AV); fraction of channels that use affiliate
links in their videos (AC); number of affiliate links per video
(NALPV); and fraction of links that are affiliate links per
video(FLAL). Three assess the quality of affiliate disclo-
sures: fraction of videos that clearly compliant with FTC
standards (CC); fraction of videos that are possibly compli-
ant, where disclosures are present but exhibit ambiguity in
either compensation or relationship clarity (PC); and frac-
tion of videos that are clearly non-compliant (NC).
Affiliate links are common, but disclosures are rare. Us-
ing the affiliate link and disclosure classifiers introduced in
§2, we analyzed the hyperlinks and texts associated with
over 2M videos in our dataset D. We identified 352.7K
unique affiliate links across 146.8K videos (7.35% of all
videos in D) and 36.8K channels (6.81% of all channels in
D), representing 8.55% of all hyperlinks in the dataset. We
refer to these as the DAffiliate. On average, videos in DAffiliate
contained 5.28 unique affiliate links, accounting for 38.02%
of all links in their descriptions. At the channel level, the
average channel used 5.20 affiliate links in their videos,
representing 46.09% of all hyperlinks in their videos con-
tent. Despite this widespread use, disclosure remains rare.

Compliance Clarity of Clarity of Fraction of
status compensation relationship videos (%)
CC Clear Explicit or Grouped 12.20

Clear Mixed Group 9.31

PC Ambiguous Explicit or Grouped 2.95
Ambiguous Mixed Group 6.35

Total 18.61

NC

Absent Explicit or Grouped 12.32
Absent Mixed Group 2.68
Absent Absent 54.19

Total 69.19

Table 2: Breakdown of disclosure clarity in DAffiliate. Defi-
nitions of CC (clearly compliant), PC (possibly compliant),
and NC (non-compliant) disclosures are in §2.3.

Among 139.9K English-language videos in DAffiliate, only
45.52% videos from 47.17% channels included any form of
disclosure. And just 12.20% of videos and 12.98% of chan-
nels provided disclosures that clearly met FTC guidelines,
demonstrating both compensation and relationship clarity.
Table 2 provides a detailed breakdown of affiliate disclo-
sures by compliance status. We consider videos clearly com-
pliant with FTC if they are labeled as clear in compensation
and explicit or grouped in relationship clarity. Those with
ambiguous or mixed-group disclosures are labeled as possi-
bly compliant, while disclosures that are entirely missing or
fail to describe any compensation to the creator are classi-
fied as non-compliant. Notably, 69.19% of affiliate videos
were non-compliant, with 54.19% lacking any disclosure
at all, indicating that most creators neglect to inform view-
ers about their financial relationships with affiliate partners.
Among the 18.61% labeled as possibly compliant, the most
common issue is the disclosure do not clarify which of the
links in their descriptions are affiliate links (e.g., “some of
the links below are affiliate links”). These findings suggest
that while affiliate marketing is pervasive on YouTube, FTC
compliance remain persistently low from 2015–2024, rais-
ing serious concerns about transparency and consumer trust.

Affiliate marketing has grown since the Adpocalypse, but
improvements in disclosures remain modest, especially
among larger channels. Table 3 compares affiliate mar-
keting and disclosure practices across videos uploaded be-
fore and after 2018, revealing several notable trends. Over-
all, affiliate marketing has grown substantially across all
channel size since the Adpocalypse. Between 2015–2018
and 2018–2024, the percentage of videos and channels con-
taining affiliate links increased from 5.3% to 8.5% and
from 5.2% to 7.7%, respectively. This growth is especially
pronounced among smaller channels (<100K subscribers),
which nearly doubled their affiliate video rate from 3.22% to
6.38%, and among mid-sized channels (100K–1M), which
showed the largest overall increase in affiliate prevalence
from 8.66% to 12.73%. Further, we found that large chan-
nels (>1M subscribers) exhibited highest affiliate usage
across both time periods. While smaller creators used affil-
iate marketing less frequently overall, when they did, their
videos contained a higher fraction of affiliate links, reflect-
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1–100K 100K–1M 1M+ Total

AV (%) 6.4 (+3.2) 12.7 (+4.0) 11.4 (+3.4) 8.5 (+3.2)
AC (%) 6.0 (+2.3) 17.0 (+3.0) 20.5 (+3.4) 7.7 (+2.5)
NALPV 5.8 (+1.7) 6.7 (+2.6) 4.6 (+1.1) 5.7 (+1.7)
FLAL (%) 46.0 (+1.8) 38.5 (+7.3) 29.2 (+4.9) 39.5 (+5.6)
NC (%) 61.4 (-17.6) 62.3 (-17.3) 74.7 (-9.3) 65.1 (-15.8)
PC (%) 23.8 (+7.9) 20.7 (+6.1) 14.5 (+4.2) 20.3 (+6.7)
CC (%) 14.8 (+9.7) 17.1 (+11.3) 10.8 (+5.1) 14.5 (+9.0)

Table 3: Prevalence of affiliate links and rates of (non-) com-
pliance by channel size for videos uploaded between 2018–
2024. Values in parentheses show changes from 2015–2018.
Bolded cells indicate values that differ significantly from
other channel size tiers within the same 2018–2024 period
(p < .05). Comparing across time periods for each channel
size, all differences were found to be statistically significant
(p < .05) and thus not highlighted. A two-sided z-test of
proportions was used to test the significance of differences
in percentage of affiliate videos and channels, as well as the
compliance rate across sources. A two-sided Welch’s t-test
was used to test the significance of differences in number of
affiliate links and affiliate fraction of links per video.

ing a stronger emphasis on monetizing each opportunity. Fo-
cusing on disclosure practices, the fraction of affiliate videos
with clearly compliant disclosures more than doubled, in-
creasing from 5.5% to 14.5% across all channel sizes. Im-
provements were notable among small and mid-sized chan-
nels where non-compliance dropped by 17.6% and 17.3%,
respectively. In contrast, large channels (1M+ subscribers)
remained the least compliant, only decreasing by 9.3%. The
negative correlation between channel size and compliance
was confirmed by a statistically significant Pearson correla-
tion (ρ = −.05, p < .05). These findings align with prior re-
search suggesting that popular influencers may avoid disclo-
sure due to fear of audience backlash or perceived damage
to authenticity (Cheng and Zhang 2025; Berger and Keller
2016). While these results indicate some progress in disclo-
sure practices, overall compliance remains low. In particu-
lar, larger creators, who have the widest influence, remain
the most lacking in disclosure compliance.

Product-oriented communities use and disclose affili-
ates more. Table 4 presents affiliate marketing prevalence
and compliance rates across the top 15 video categories
in DAffiliate. Overall, the prevalence of affiliate links varied
across categories, but disclosures consistently lacked com-
pliance with no category achieving a clear compliance rate
> 20.3%. Categories such as Howto & Style and Science
& Technology showed higher affiliate activity, with their
affiliate-related metrics exceeding the mean by at least one
standard deviation. A review of a random sample (n = 50) of
affiliate videos in these categories revealed a focus on prod-
uct reviews and recommendations (e.g., makeup and gadget
reviews). Interestingly, they were also found to have statisti-
cally higher disclosure rates than categories with lower affil-
iate link prevalence (z-test of proportions; p < .05), suggest-
ing that these creators may be more aware of regulatory dis-
closure requirements. However, they also ranked highest in

Category AV FLAL NC PC CC
(%) (%) (%) (%) (%)

Autos & Veh 17.1 52.2 65.3 20.0 14.7
Comedy 5.8 29.3 92.3 4.9 2.9
Education 14.6 36.1 66.1 21.3 12.6
Entertainment 7.3 35.2 75.1 12.9 12.0
Film & Anim 7.0 34.9 78.0 12.8 9.2
Gaming 5.3 28.4 75.9 19.2 4.9
Howto & Style 26.6 49.4 55.9 24.6 19.5
Music 3.4 33.5 81.6 12.4 6.0
News & Politics 3.2 34.2 79.1 17.3 3.6
Nonprofits 1.7 38.2 70.2 10.1 19.6
People & Blogs 7.7 52.8 65.4 14.7 19.9
Pets & Animals 9.9 54.8 54.5 26.1 19.4
Sci & Tech 23.8 41.7 54.4 25.3 20.3
Sports 4.9 36.3 76.3 14.3 9.4
Travel & Events 11.8 47.0 68.9 17.9 13.2

Table 4: Prevalence of affiliate links and rates of (non-) com-
pliance of videos in DAffiliate across top 15 categories. Bolded
cells indicate that the value was a full standard deviation
above the mean for the corresponding metric computed over
all subgroups.

“Possibly Compliant” metric, suggesting that these creators
are attempting to disclose affiliate relationships, but do so
with statements that lack clarity and precision. Conversely,
categories such as Music, Comedy, and Gaming were found
to have the lowest affiliate prevalence (AV <10%) and the
lowest clear compliance rates (CC <5%). Overall, these pat-
terns suggest that: (1) affiliate marketing economics are es-
pecially well-suited for communities focused on consumer
products, where product recommendations drive engage-
ment and conversions; and (2) although product-focused cat-
egories are more compliant, there remains a large compli-
ance gap across all content categories either due to unaware-
ness of disclosure mandates or a lack of understanding of
their requirements.
Takeaways. Affiliate marketing is widespread on YouTube
with AV and AC rising from 5.3% and 5.2% before 2018 to
8.5% and 7.7% after 2018. This increase, most pronounced
among smaller channels, aligns with the Adpocalypse, mon-
etization instability, and expanded access to influencer mar-
keting. Despite this widespread adoption, our analysis re-
veals an abysmal state of compliance with disclosure re-
quirements within the affiliate marketing ecosystem with
over 65% of all videos being non-compliant, exacerbated
by the practices of larger channels. In parallel, we observed
that product-focused categories rely more heavily on affiliate
marketing through product reviews and that these creators
were more likely to disclose their affiliate relationships.

4 Stakeholder Influence on Compliance
Given the widespread use of affiliate marketing and the lack
of FTC-compliant disclosures on YouTube, we now turn to
our second question: RQ2. How do different stakeholders in-
fluence affiliate disclosure compliance on Youtube? In this
section, we examine three key stakeholders: regulators, af-
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Comparison Metric (m) ∆(m) Effect (95% CI)

µ
(m)
Guidance − µ

(m)
No guidance

NC -3.53 [-19.70, 13.63]
PC -7.58 [-22.73, 7.58]
CC 11.11 [1.52, 21.21]

µ
(m)
Shopping − µ

(m)
RR

NC -44.78 [-48.71, -40.63]
PC 0.13 [-3.42, 3.57]
CC 44.65 [41.03, 48.32]

Table 5: Effect of affiliate program guidance (top) and
platform-level built-in tools (bottom) on compliance met-
rics. Values in bold indicate a statistically significant effect
size at the corresponding confidence level.

filiate partners, and the platform (YouTube), by analyzing
their respective roles in improving compliance.

Efforts by regulators show limited impact on disclosure
compliance. Despite FTC actions and growing public atten-
tion, our findings suggest that current regulatory efforts have
limited impact on improving disclosure compliance. Disclo-
sure rates have improved modestly since 2018, yet 65% of
affiliate videos remained non-compliant and only 14.5% of
affiliate videos clearly complied with FTC standards in the
post-2018 period. As the findings in §3 reveal, large chan-
nels and certain content categories, such as Comedy and
Gaming, exhibit worse compliance performance, highlight-
ing that regulatory effects vary across creators and content
types. Even in product-centric categories, where disclosure
awareness might be expected to be higher, many disclosures
remain vague or entirely absent. This high frequency sug-
gests that interpreting and applying the FTC’s guidance re-
mains challenging in practice. Our own attempt to interpret
the FTC requirement involved extensive research of enforce-
ment records, legal frameworks, and policy documents – an
interpretive burden unlikely to be feasible for the average
creator. This difficulty points to a broader issue: the FTC’s
current disclosure requirements may lack sufficient clarity
and accessibility to support large-scale adoption. This chal-
lenge is compounded by the sheer scale of the influencer
ecosystem, which far exceeds the FTC’s enforcement capac-
ity. Collectively, our observations indicate that regulatory ef-
forts alone have not meaningfully improved disclosure com-
pliance at scale. Stronger interventions are needed to ensure
more consistent and effective disclosure practices.

The provision of disclosure guidelines from affiliate part-
ners improves disclosure quality. Our analysis identifies a
total of 6.0K unique affiliate marketing partners, illustrating
the scale of the influencer marketing industry. Among these,
the Amazon Affiliate Program dominates the ecosystem, ap-
pearing in 51.8% of all affiliate videos and 56.7% of affiliate
channels, and ranking the highest across every category and
channel size. Other common partners include large networks
(e.g., Impact Radius, ShareASale, Rakuten), brand-specific
programs (e.g., Epidemic Sound, Apple, Tubebuddy), and
general merchants like eBay. According to FTC guidelines,
affiliate partners are expected to take reasonable steps to
ensure their affiliates comply with endorsement disclosure
regulations. One common approach is to provide publicly

available instructions or best practices related to disclosure.
To examine whether such guidance affects compliance, we
focused on the top 30 most prevalent affiliate networks in
DAffiliate. We compared compliance rates between videos
containing affiliate links to networks with disclosure guid-
ance and those linking to networks without it. We manually
reviewed each partner’s website to assess whether it pro-
vided guidance, such as requiring affiliates to disclose their
links, referencing FTC compliance, or offering example dis-
claimers2. Unfortunately, we could not locate such disclo-
sure guidelines for 15 of these networks, while the remain-
ing networks publicly shared such guidance.

Measuring the effect of guidance. We quantified the differ-
ences in compliance rate using mean differences, defined as
effect sizes. For each metric m ∈ {clearly compliant (CC),
possibly compliant (PC), non-compliant (NC) }, the effect
size is ∆

(m)
Guidance−No guidance = µ

(m)
Guidance − µ

(m)
No guidance, where

µ(m) represents the average compliance rate for affiliate
videos associated with partners that either provide disclosure
guidance or do not. To reduce bias from known confounders,
we apply equal-weight sampling stratified by guidance pres-
ence, video category, channel size, and platform source. We
restricted the sample to post-2018 videos to account for reg-
ulatory changes and balanced samples across affiliate part-
ners to avoid dominance by large programs (e.g., Amazon).
To assess statistical significance, we applied bootstrap re-
sampling with 10K iterations to estimate 95% confidence
intervals (CIs) for each effect size. Following established
methodology (DiCiccio and Efron 1996; Efron 1987), we
considered an effect significant if the 95% CI excluded zero.
The results, shown in the top three rows of Table 5, indi-
cated that disclosure guidance was associated with a sub-
stantial and statistically significant increase in clear compli-
ance (+11.11%). We also observed that the presence of guid-
ance reduced non-compliance (–3.53%) and possible com-
pliance (-7.58%), although these two are not statistically sig-
nificant. Overall, this suggests affiliate partners who offer
disclosure guidance are associated with improved disclosure
quality. However, the results are observational, not causal,
and should be interpreted with caution. First, the analysis
was limited to the top 30 affiliate programs, so the results
may not generalize to the broader ecosystem. Second, we
did not account for compliance measures that affiliate part-
ners may implement behind the scenes, such as suspending
commissions or terminating non-compliant accounts.

Built-in platform tools are associated with higher dis-
closure compliance. YouTube’s Shopping program pro-
vides a built-in disclosure tool that allows creators to la-
bel affiliate products directly through shopping icons, au-
tomatically generating a clear disclosure. Here, we evalu-
ate how such platform-level interventions influence affili-
ate disclosure compliance. To assess the impact of built-in
disclosure tools, we compare disclosure rates in DShopping
against two other sources without built-in disclosure sup-
port: DTrending (videos promoted by YouTube’s algorithm)

2Full documentation for all 30 partners is available at: https://
osf.io/3xpwg/?view only=fd0cb236942142ad915d9d0c1534a8e0
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Period Source AV (%) AC (%) NALPV FLAL (%) NC (%) PC (%) CC (%)

8/20-12/23
DTrending 15.01 17.95 3.64 25.50 86.43 8.53 5.04
DRR 8.47 7.94 5.71 38.81 64.02 22.36 13.62

∆Trending - RR 6.54 10.02 -2.07 -13.31 22.41 -13.83 -8.58

1/24-12/24
DShopping 50.06 51.52 10.20 79.05 20.70 17.39 61.90
DTrending 15.81 18.06 4.19∗ 29.03∗ 83.61∗ 10.15 6.24
DRR 6.18∗ 6.17∗ 5.08∗ 41.50∗ 66.13 20.94 12.93

∆Shopping - RR 43.88 45.35 5.11 37.55 -45.43 -3.55 48.97
∆Trending - RR 9.63 11.88 -0.89 -12.47 -22.01 19.53 2.48

Table 6: Prevalence of affiliate links, disclosure rate and compliance across videos in different sources. DRR includes both
DReddit and DRandom. Bolded cells indicate the highest values for a metric within a comparison. In each comparison period, all
pairwise differences are statistically significant at p < 0.05. A two-sided z-test of proportions is used to test the significance of
differences in percentage of affiliate videos and channels, as well as the compliance rate across sources. A two-sided Welch’s
t-test is used to test the significance of differences in number of affiliate links and affiliate fraction of links per video.

and DRR (a baseline of randomly selected affiliate videos
from DReddit). Table 6 presents results across two overlap-
ping periods (8/20–12/23 and 1/24–12/24). We found that
DTrending exhibited a higher prevalence of affiliate content
than other sources but persistently underperformed in dis-
closure compliance. Given that Trending videos occupy a
prominent position on the YouTube platform, this may in-
dicate a need for the algorithm to better align with regula-
tory requirements regarding affiliate disclosures In contrast,
DShopping displayed the best compliance among all sources,
with a non-compliance rate of only 20.7% and a clear com-
pliance rate of 61.9%, suggesting that built-in platform tools
can substantially improve disclosure behavior.

Measuring the effect of Youtube shopping disclosure guide-
lines and tools. Building on this observation, we quantita-
tively assess the effect of YouTube’s built-in disclosure fea-
tures by computing mean differences in compliance across
three metrics. For each metric m, the effect size is defined
as: ∆(m)

Shopping - RR = µ
(m)
Shopping − µ

(m)
RR , where µ(m) represents

the average compliance rate for videos in each source. To
test statistical significance, we applied stratified sampling
by category and channel size, restricted to post-2018 videos,
and ran 10K bootstrap iterations to estimate 95% confidence
intervals. We excluded disclosure guidance as a control vari-
able here because doing so would restrict our analysis only
to the top 30 affiliate partners, limiting the generalizabil-
ity of our findings. As shown in the bottom rows of Ta-
ble 5, videos in DShopping exhibit much better compliance
than those in DRR: the non-compliance rate decreased by
44.78%, while clear compliance increased by 44.65%, both
differences were statistically significant. These findings sug-
gest a strong association between YouTube’s affiliate disclo-
sure interventions (deployed only for YouTube Shopping)
and improved compliance.

Mechanism behind improved compliance. In DShopping,
56.63% affiliate videos rely solely on the built-in YouTube
affiliate tagging tool, without placing any affiliate links in
the description. While creators can bypass this automatic
disclosure by using external affiliate networks and manually
adding links, the fact that more than half of affiliate videos

used only YouTube’s tool suggests that many creators are
willing and able to make clear disclosures when the plat-
form enforces a simple and standardized mechanism. In ad-
dition, 22.11% of videos use the platform’s tools and also
include other affiliate links in text description. This hybrid
case suggests a clear opportunity: if YouTube is able to ex-
pand its disclosure tool to cover all affiliate links, not just
those within its own affiliate program, these videos could
also achieve clear compliance. In other words, platforms like
YouTube could substantially increase compliance rate by
providing a centralized disclosure approach for all affiliate
links. This improvement is much greater than the gains from
affiliate partners providing disclosure guidance (+11.11%)
or from regulatory effects observed after 2018 (+9.0%).

Takeaways. Overall, our findings reveal that for regulators,
although clear compliance rates have more than doubled
since 2018 (+9.0%), the uneven improvements in compli-
ance across content categories and channel sizes, along with
persistently vague disclosure language, suggest that their
impact alone is limited. For affiliate partners, our observa-
tional data indicated that the presence of guidance was asso-
ciated with stronger improvements in compliance (+11.1%).
Compared to these two groups, YouTube’s own platform-
level interventions are more strongly associated with im-
proved transparency and compliance. We observed that the
built-in disclosure tools provided by YouTube Shopping
are linked to substantially higher rates of clear disclosures
(+44.65%). While these results do not demonstrate causal-
ity, they highlight a strong association between standardized
platform-level interventions and improved compliance out-
comes. This underscores the potential of scalable, platform-
integrated disclosure mechanisms to support more consis-
tent and effective transparency practices.

5 Related Work

Platform monetization. Early qualitative studies high-
lighted ethical concerns in influencer-driven marketing. Wu
et al. (2016) and James (2017) documented how influ-
encers frequently circumvent disclosure requirements, lever-
aging YouTube for lucrative yet opaque marketing practices.
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Schwemmer et al. (2018) extended this analysis, raising con-
cerns about the social and economic impacts of product pro-
motions, particularly on younger audiences. Other studies
explored how platform governance related to monetization
shapes creator behavior. Kumar et al. (2019) and Ormen et
al. (2023) analyzed the 2017 “Adpocalypse”, showing how
sudden policy changes disrupted creator revenue streams.
Caplan and Gillespie (2020) and Dunna et al. (2022) found
that monetization policies reflect a tiered governance struc-
ture, favoring institutional creators over independent ones.
More recent large-scale work by Hua et al. (2022), Ballard
et al. (2022), and Bertaglia et al. (2024) demonstrates a sig-
nificant shift, finding that creators, particularly those in con-
spiracy or controversial communities, increasingly rely on
alternative monetization, such as affiliate marketing. Taken
together, this body of work shows how unstable monetiza-
tion policies have pushed creators toward alternative revenue
sources. Building on these insights, our study quantifies the
prevalence of affiliate marketing over time and examines
how its adoption accelerated after the Adpocalypse.

Disclosures and transparency. Our work was inspired by
Mathur et al. (2018), who pioneered the empirical analysis
of affiliate disclosures on YouTube and found that such dis-
closures were rare. Building on this, Swart et al. (2020) de-
veloped an automated tool to detect disclosure statements
on the platform. Cross-platform and cross-language evi-
dence also suggests that under-disclosure is not unique to
YouTube. In an empirical analysis of Twitter and Insta-
gram, Ershov et al. (2025; 2020) found that 96% of spon-
sored posts were undisclosed, and as a result, most users
failed to recognize them as promotional content. In the EU,
Gui et al. (2024) reported low compliance among Dutch in-
fluencers on Instagram, YouTube, and TikTok, regardless
of language or influencer size. Similarly, Waltenrath et al.
(2021) showed that disclosure quality on Instagram was gen-
erally poor, with Germany achieving only a modestly higher
disclosure rate (29%) compared to around 5% in other re-
gions. Several studies have also examined how disclosure
transparency affects consumer trust. The findings are mixed:
while some studies suggest that transparent disclosures can
enhance credibility and foster positive brand associations
(Lou 2022; Balaban, Mucundorfeanu, and Naderer 2022),
other work finds that audiences are wary of influencer mar-
keting, potentially reducing consumer trust and diminishing
the credibility of both influencer and brand (Van Reijmersdal
et al. 2020; Cheng and Zhang 2025; Vekaria, Nithyanand,
and Shafiq 2024). We advance this literature by operational-
izing the FTC’s disclosure standards and evaluating whether
disclosures meet regulatory standards.

Stakeholder interventions. A growing body of work em-
phasizes that disclosure compliance is not solely the respon-
sibility of influencers and argue that platform tools and in-
terface design play a critical role in shaping both the feasi-
bility and quality of disclosures. Mathur et al. (2018) sug-
gested that built-in platform features, such as Instagram’s
paid partnership label, can help facilitate clearer disclosures.
Annabell et al. (2024) conducted a cross-platform study,
showing that platform policies and UI design strongly in-

fluence disclosure behavior, and argued, using the EU con-
sumer law framework, that effective regulation must take
these factors into account. More recently, Bertaglia et al.
(2025) conducted an empirical analysis of Instagram content
posted by EU and US creators and argued for harmonized
EU disclosure guidelines, standardized platform templates,
and adaptable compliance tools. Complementing this, an
EU Parliament policy report (Michaelsen et al. 2022) rec-
ommended compliance APIs for data sharing between plat-
forms and regulators and stressed that responsibility should
extend beyond influencers to brands, intermediaries, and
platforms. Extending this line of work, our study presents
a large-scale observational analysis of how different stake-
holder contexts are associated with disclosure compliance.

6 Limitations
Representativeness of our dataset. Although our dataset
encompasses 2M videos, it may not completely represent the
typical content experienced by YouTube users. Notably, our
dataset was over-represented in Gaming, Music, and Enter-
tainment videos, which together account for over 50% of the
total. This over-representation stems from two factors: (1)
these categories are inherently popular on YouTube(Statista
2023); and (2) Reddit, our primary data source, dispro-
portionately surfaced Gaming content, further skewing the
distribution. Furthermore, limited data availability in our
DShopping dataset (covering only 2024) and DTrending dataset
(beginning in 2020) constrained our ability to thoroughly
analyze the impact of the ”Adpocalypse” and subsequent
FTC actions. However, all analyses presented in this paper
are conducted on sufficiently large subsets to support statis-
tically valid conclusions. For instance, we deliberately ex-
cluded analyses involving small or fragmented subsets, such
as Trailers, Movies, and Shows categories, which each con-
tained fewer than 50 videos. To assess the robustness of our
findings, we repeated all RQ1 analyses 10 times, each using
a random 50% subsample within each subgroup (e.g., video
category or channel size). The observed trends remained
consistent, with coefficients of variation below 10%, indicat-
ing that the results are not driven by outliers. For RQ2, our
analyses were based on 10k iterations of equal-weight strat-
ified sampling (e.g., balancing by category, channel size, af-
filiate partner, and video source), ensuring statistically ro-
bust and representative estimates. However, we acknowl-
edge that expanding the dataset to include more heteroge-
neous content could improve generalizability.
Scope of disclosure analysis. We restricted our analysis to
textual content, excluding verbal or on-screen visual disclo-
sures due to computational limits and inconsistent quality
of caption data. This focus is justified given that the affili-
ate links we study appear either in the video description or
on YouTube’s Shopping shelf, and FTC guidelines require
disclosures to match the format and placement of the pro-
motional content, meaning that a textual disclosure must ac-
company text-based affiliate link (FTC 2024a,b). We also
restricted our analysis to English-language text, as our anno-
tation guidelines and classification models are designed for
English content. Additionally, FTC guidelines specify that
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disclosures should appear “near” the affiliate links and be
visible without clicking “more”. Our evaluation addresses
the “near” requirement by using ’Explicit’ and ’Group’ la-
bels to capture whether disclosures are attached to individual
or a set of affiliate links. We also use the ’Mixed Group’ la-
bel when a disclosure does not clearly indicate which links
are affiliate links. However, because our classifiers operate
on full text descriptions obtained from an automated crawl,
we always click on “more” to expand the description section
— an action that users may not perform when they encounter
affiliate links. Taken together, our analyses represent an up-
per bound on compliance. We do not examine all forms of
affiliate promotion, nor do we fully assess the visibility con-
straints outlined in the FTC checklist.
Limitations of stakeholder influence analyses. While our
findings reveal that platform interventions are strongly as-
sociated with improved compliance, and we observe statis-
tically significant differences in both platform- and affili-
ate partner-level analyses, our results are observational and
should not be interpreted as causal. Despite our efforts to
stratify the sample and control for key confounders (e.g.,
category, channel size, platform source), unobserved con-
founders may remain. Additionally, because our analysis fo-
cuses on the top 30 affiliate partners and post-2018 YouTube
videos, the generalizability of these results to the entire plat-
form or to other social media ecosystems remains uncertain.

7 Discussion
Implications for efforts to improve disclosure compli-
ance. Building on our findings, we advocate for a multi-
stakeholder approach centered on platforms, which are best
positioned to implement standardized, scalable, and easy-
to-use disclosure systems. Regulators and affiliate partners
should, in turn, contribute to the design and oversight of
these systems. To support this model, regulators can sup-
port platforms by providing form-like templates and exam-
ples of compliant disclosures, which can streamline the de-
sign process. Similar strategies have been proposed in both
online privacy and influencer marketing contexts, includ-
ing “privacy nutrition labels” (Kelley et al. 2009), standard-
ized forms (Diamantis et al. 2023), and standardized dis-
closure templates (Bertaglia et al. 2025). Further, as sug-
gested by Annabell et al. (2024), regulators should guide
platforms to standardize policy terminology and interface
design to ensure consistent compliance. Affiliate partners
should explicitly enforce compliance through their program
policies, as our findings show that the presence of guidance
is positively associated with higher compliance rates. In ad-
dition, they could collaborate with platforms by offering
compliance-checking APIs, a strategy recommended in an
EU policy study for data sharing between platforms and reg-
ulators (Michaelsen et al. 2022), or providing metadata end-
points that help platforms automatically detect affiliate links
in undisclosed content. Finally, to facilitate disclosure mon-
itoring, platforms, regulators, and affiliate partners can in-
tegrate automated detection tools, like our textual detection
classifier, paired with proportionate enforcement actions and
timely/transparent appeal processes.

Key implementation challenges. For the above collabora-
tive efforts to succeed, several challenges must be addressed.

Designing and implementing adequate tools. While our
work is exclusively focused on the text modality, FTC
and EU regulations require disclosures across any modal-
ity where promotions are present. Many existing platform
disclosure tools remain inadequate (Annabell, Aade, and
Goanta 2024) for this task. For instance, YouTube’s “In-
cludes paid promotion” tag (YouTube 2024) is an on-video
disclosure feature that provides a brief visual cue indicating
the video contains promotional content. However, it does
not specify which products are being promoted. Also, per
the FTC, when promotions occur within videos, disclosures
should preferably appear in both audio and visual formats
to reach a wider audience (FTC 2024b). In practice, this
implies that the disclosure should be visibly and audibly
present when a product is being discussed, and removed
when the creator transitions to a different product. Imple-
menting such fine-grained dynamic disclosures would re-
quire detecting product mentions in real time, linking them
to affiliate content, and displaying synchronized disclosures,
making it a challenging task to automate without signifi-
cantly increasing creator burden.

Erosion of trust and engagement. Prior work shows that dis-
closures, though intended for transparency, can reduce con-
sumer trust in influencers and brands by undermining per-
ceived authenticity, reputation, and highlighting commercial
motives (Van Driel and Dumitrica 2021; Pfeuffer and Huh
2020; Cheng and Zhang 2025). As a result, they warn that
creators and platforms themselves may face long-term risks,
as declining audience trust and engagement can reduce over-
all user activity. It remains unclear how platforms and cre-
ators can balance regulatory compliance with strategies that
preserve authenticity and maintain audience engagement.

Resource limitations. While multi-stakeholder collaboration
could simplify compliance, it would increase stakeholder re-
sponsibilities. This challenge is particularly acute given the
FTC’s projected reduction in workforce over the next few
years (Godoy 2025). However, it is likely that the overall
burden is likely to decrease once standards and automated
verification tools are established.

Accuracy of automated compliance detection. Automated
detection of disclosure compliance is likely to be inaccurate
in many cases, requiring human moderation to verify accu-
racy and handle potential issues. This raises classic chal-
lenges discussed in the content moderation literature. False
negatives allow non-compliance to persist, while false posi-
tives can penalize genuinely compliant creators, leading to
frustration, reduced trust, or even disengagement (Jhaver
et al. 2019; Hartmann et al. 2025).

8 Conclusion
The analyses presented in this paper provide crucial insights
into the prevalence of affiliate marketing on YouTube, as
well as the rates of compliance with regulatory disclosure
requirements. Unfortunately, they do not show comforting
results. Specifically, we find that although the popularity
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of affiliate marketing is growing on YouTube, the compli-
ance with affiliate-related disclosure standards is alarmingly
low. More than half of all videos that use affiliate links do
not make any disclosures at all. Further, even when disclo-
sures are made, they are rarely in clear compliance with the
FTC’s guidelines. These findings highlight the risks posed
to consumer protection and trust, especially since the lowest
rates of compliance are observed among channels with large
(1M+) subscriber bases and on videos actively promoted
by YouTube’s algorithms. To address transparency gaps, we
evaluated the roles of key stakeholders in improving disclo-
sure compliance. Our results show that YouTube, through
platform-integrated disclosure tools, has highly associated
with improved compliance. We recommend that regulators
and affiliate networks collaborate with the platform to sup-
port monitoring and enforcement. Taken together, this paper
highlights an urgent need and provides actionable insights to
strengthen transparency and safeguard consumer trust in the
evolving influencer economy.
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(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes, see Ethical Consid-
erations section.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, see
Data and Methods section.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, we
discuss potential artifacts in both the Data and Meth-
ods section and the Limitations section.

(e) Did you describe the limitations of your work? Yes,
see Limitations section.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, see Ethical considerations
section.

(g) Did you discuss any potential misuse of your work?
Our work identifies and quantifies non-compliance be-
haviors and does not expose any detection vulnerabil-
ities or evasion strategies. Our findings are intended to
support platform governance and regulatory improve-
ments.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, we describe steps to prevent pri-
vacy concerns in the Ethical considerations section.
We limit public release any privacy sensitive data. The
data collection process and the code for building the
tool are detailed in the Data and Methods section to
support reproducibility.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes.

2. Additionally, if your study involves hypotheses testing...
(a) Did you clearly state the assumptions underlying all

theoretical results? NA
(b) Have you provided justifications for all theoretical re-

sults? NA
(c) Did you discuss competing hypotheses or theories that

might challenge or complement your theoretical re-
sults? NA

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

(e) Did you address potential biases or limitations in your
theoretical framework? NA

(f) Have you related your theoretical results to the existing
literature in social science? NA

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA

3. Additionally, if you are including theoretical proofs...
(a) Did you state the full set of assumptions of all theoret-

ical results? NA
(b) Did you include complete proofs of all theoretical re-

sults? NA
4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? We
release all code and documentation for building the af-
filiate link detection tool and disclosure classification
models, along with the data used to train the disclo-
sure classifiers in Data and Method section. However,
we do not release the training data for the affiliate de-
tection tool, as it includes browser interaction logs that
may contain privacy sensitive information.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes, see
Data and Methods section.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
No, however, we report F1 scores on holdout sets for
each classifier. Our evaluation uses a train/test split and
5-fold cross-validation with a fixed random seed for
reproducibility.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes. All models are trained
on CPUs with multithreading enabled. No GPU or
cloud resources are used.

(e) Do you justify how the proposed evaluation is suf-
ficient and appropriate to the claims made? Yes, see
Data and Methods section.

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? Yes, see Data and Methods
section.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes.

(b) Did you mention the license of the assets? Yes. Li-
censes for open datasets and GitHub repositories,
where applicable, are mentioned in the cited sources.

(c) Did you include any new assets in the
supplemental material or as a URL? Yes,
the URL (https://osf.io/3xpwg/?view only=
fd0cb236942142ad915d9d0c1534a8e0) is provided in
Data and Methods section.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
We work only with publicly available datasets and
data we collected ourselves from publicly accessible
sources.

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
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offensive content? Yes, see Ethical considerations sec-
tion.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see ?)? We release only the training data for the dis-
closure classifier and video-level metadata used in our
analysis. We document the data and its use in the Data
and Methods section.

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see ?)? We release
only the training data for the disclosure classifier and
video-level metadata used in our analysis. We docu-
ment the data and its use in the Data and Methods sec-
tion.

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

Appendix A. Affiliate Link Detection Details
We provide additional details on affiliate link detection, as
referenced in §2.2.
Interaction graph nodes. The interaction graph contains
five node types: network nodes, DOM nodes, decoration
nodes, storage nodes, and JavaScript nodes, each represent-
ing a trigger or source of a browser interaction. More specifi-
cally, network nodes represent the targets of HTTP requests,
responses, and redirects; DOM nodes represent elements
within the HTML DOM on a webpage (identified by their
class ID or element name); decoration nodes represent the
keys and values of key-value pairs observed within HTTP
requests, responses, or redirects; storage nodes represent
data elements stored on the client (browser); and JavaScript
nodes represent function calls that occur due to JavaScript
execution on a webpage.
Interaction graph edges. We use three types of edges to
capture the interactions that occur between different node
types. First, we insert redirect edges between network nodes
that are the source and target of a redirect. Next, we in-
sert modification edges between elements when interactions
modify their characteristics—for example, a directed mod-
ification edge is added from the node representing a.com
to its cookie node if a.com modifies the cookie values. Fi-
nally, we insert access edges between elements when inter-
actions pass information between them—for example, a di-
rected access edge is added from the node representing a
link decorator key to a cookie node if information from the
cookie is passed into the value for key.

Feature extraction. We extract features from each inter-
action graph in our dataset, focusing on two types: graph
structural features and redirect features. Structural features
capture the overall structure and connectivity of the interac-
tion graph (e.g., graph density, centrality, average shortest
path between all pairs of nodes), while redirect features cap-
ture the characteristics of redirects (e.g., number of query
parameters attached to network nodes, length of the redirect
chain, and Shannon entropy of key-value pairs).

Annotation codebook for ground truth dataset We man-
ually review the top 1,000 most frequently linked landing
domains in YouTube descriptions, along with all domains
appearing in their redirect chains. Each interaction graph is
labeled as affiliate only if at least one URL in the redirect
chain meets both of the following criteria; otherwise, the
graph is labeled as non-affiliate.

• 1) Independence Relation. An affiliate link must direct
to a third-party merchant, not the creator’s own mer-
chandise, social media, or co-branded store. To verify
this, we manually check whether the YouTuber explicitly
states that it is their own merchandise in the video or de-
scription, or review the link’s landing page to determine
whether its URL or content indicate it is the YouTuber’s
own store, a co-branded product page, or a social me-
dia profile. If so, we label the interaction graph as non-
affiliate.

• 2) Affiliate Identifier. An affiliate link must contain
an affiliate identifier, such as a creator-linked string
or a unique token. Following prior work (Mathur,
Narayanan, and Chetty 2018), we analyze frequent
domain-parameter pairs, as a high frequency of co-
occurrence suggests the parameter may be linked to the
affiliate’s identity. We confirm affiliation by checking
whether the YouTuber discloses it in the corresponding
video. If not, we further verify by examining whether the
landing merchant offers an affiliate program.

Appendix B.
Affiliate Disclosure Classification Details

Below, we provide additional details as referenced in §2.3.

Annotating disclosure segments for a ground-truth
dataset. Table 7 summarizes the annotation codebook used
to label disclosure segments. It includes each label, a de-
scription with an example, and the associated compliance
level for both clarity of compensation and clarity of rela-
tionship.

Classification result and error analysis. Table 8 shows
the performance of each classifier on its holdout dataset.
We conduct a manual analysis to understand the sources of
their misclassifications. This analysis includes 475 unique
segments (187 with disclosures) sampled from the hold-
out set. We find that the disclosure classifier has zero false
negatives and 15 false positives, mainly due to: (1) promo-
tional language with high lexical similarity to true affili-
ate disclosures (e.g., “Use my code... to get 10% off any
order”); and (2) mentions of “affiliate” in non-disclosure
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Label Description with example Compliance Level

Clarity of Compensation

Clear Clearly explain that the creator is compensated when a viewer uses the associ-
ated affiliate link. Example: “If you click on this link and purchase a product, I
get a small commission at no cost to you.”

Compliant

Ambiguous Do not explicitly mention the monetary benefit from viewers’ use of the affiliate
link, instead using vague language to imply support. Example: “Support the
channel through these links.”

Possibly compliant

None Do no mention of any form of compensation associated with the affiliate links,
instead using only technical terms which explicitly disallow by FTC FAQs (FTC
2024b). Example is: “This is an affiliate link.”.

Non-compliant

Clarity of Relationship

Explicit individual Disclosure placed directly alongside each affiliate link for maximum trans-
parency Example: ”This is a sponsored link for <PRODUCT>: <affiliate
link>.”

Compliant

Grouped Disclosure involve a single statement disclosing a group of immediately fol-
lowing or preceding affiliate links, allowing readers to easily associate the dis-
closure with the affiliate links. Example: ”I get compensated when you make
purchases through the following links: [list of affiliate links].”

Compliant

Mixed group Single disclosure statement for multiple links, including both affiliate and non-
affiliate links, which does not allow readers to easily distinguish which links
are affiliate links, which may not meet the ‘conspicuous’ standard. Example:
”Some of the links in the description are affiliate links.”

Possibly compliant

Table 7: Disclosure labels with descriptions, examples, and corresponding FTC compliance levels.

Classifier Precision Recall F1
(%) (%) (%)

Disclosure detection 94.7 98.9 96.8

(Total) Compensation 98.6 98.6 98.6
Clear 98.9 96.9 97.8
Ambiguous 99.0 99.8 99.5
None 98.0 99.0 98.5

(Total) Relationship 96.9 97.0 97.0
Explicit 99.9 98.7 99.4
Grouped 92.8 94.1 93.4
Mixed group 96.3 95.1 95.7

Table 8: Performance of our three disclosure segment classi-
fiers on their respective holdout validation datasets. For the
clarity of compensation and relationship classifiers, we also
report the performance for each label.

contexts (e.g., “Fiverr Affiliate Program”). For the relation-
ship classifier, most errors occur between the Grouped and
Mixed labels, which often differ subtly. Three Mixed cases
are mislabeled as Grouped (e.g., “Note that I may earn a
small commission. . . ”), and one Grouped disclosure is mis-
labeled as Mixed (“You should assume we are compensated
for any purchases...”). Additionally, some disclosures are
inherently borderline between Explicit and Grouped, such
as “I do get commission when you buy, so thank you”,
leading to ambiguity. The compensation classifier shows no
confusion between Clear and None. All misclassifications

involve the Ambiguous class—for example, “The channel
will receive about 1%” (Clear mislabeled as Ambiguous)
or “Support-A-Creator code: [ ]” (Ambiguous mislabeled
as None). These findings suggest that the models are sen-
sitive to explicit monetary cues but struggle with vague or
borderline phrasing. Despite these challenges, all classifiers
demonstrate high accuracy and are suitable for large-scale
compliance analysis.
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