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Abstract

This paper presents a longitudinal study of more than ten years of activ-

ity on Instagram consisting of over a million posts by 400 content creators

from four countries: the US, Brazil, Netherlands and Germany. Our study

shows differences in the professionalisation of content monetisation between

countries, yet consistent patterns; significant differences in the frequency of

posts yet similar user engagement trends; and significant differences in the

disclosure of sponsored content in some countries, with a direct connection

with national legislation. We analyse shifts in marketing strategies due to

legislative and platform feature changes, focusing on how content creators

adapt disclosure methods to different legal environments. We also analyse

the impact of disclosures and sponsored posts on engagement and conclude

that, although sponsored posts have lower engagement on average, properly

disclosing ads does not reduce engagement further. Our observations stress

the importance of disclosure compliance and can guide authorities in devel-

oping and monitoring them more effectively.

Keywords: influencer marketing, advertising disclosure, Instagram,

self-disclosure practices
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1. Introduction

The social media economy is changing dramatically. In their early his-

tory (the mid-2000s), social networks were predominantly used for peer-to-

peer communication and user-generated content that reflected people’s daily

lives [11]. At that point, business models and monetisation opportunities

were still largely undeveloped. The advertising potential of harnessing hu-

man attention in social surroundings saw the rise of individual Internet en-

trepreneurs who have since received the label of social media influencers.

In this study, we refer to influencers as social media content creators who

monetise online content through native advertising [16, 41].

To deepen the understanding of the evolving ecosystem of content mon-

etisation on social media, we conducted a longitudinal study spanning 2010-

2020 of 400 Instagram influencers from four distinct countries. We present

an analysis of the professionalisation of their advertising activities, focusing

on the evolution of influencer self-disclosure practices. For this purpose, we

collected and analysed a dataset of more than one million posts by 50 mega

and 50 micro-influencers each from Brazil, Germany, the Netherlands, and

the US. These countries were selected based on their different regulatory ap-

proaches in terms of legal standards and enforcement, which we will discuss

in subsection 2.1.

Our contributions include (1) a methodological approach to longitudinal

data curation in the context of influencer selection, laying the foundations

for more reproducible and robust research in the field of influencer studies;

(2) empirical observations of the rise and decline in the volume of posts by
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these influencers over the years and the effect on disclosed ads; (3) a com-

parative analysis of different disclosure practices for Instagram posts, likely

correlated with national regulation; (4) a characterisation of monetisation

strategies in terms of the timing of posts and partnership with global brands;

(5) a thorough analysis of the impact of disclosures on engagement; and (6) an

investigation of the prevalence of undisclosed ads in our dataset and their

effect on engagement. Our study provides a foundation for updating regula-

tory guidelines and developing automated tools to enhance transparency and

compliance in influencer marketing by offering insights into how disclosure

practices and content strategies impact audience engagement. Ultimately,

these observations can inform legislation and public policy on strategies that

may lead to changes in practices related to ad disclosures on social media.

2. Background

Disclosures are a crucial legal aspect of influencer marketing. This section

presents a brief overview of the general legal framework for advertising in the

four countries in our dataset and discusses work related to our research.

2.1. Legal Background on Advertising

The regulation of social media advertising by influencers is more straight-

forward than public debates may lead us to believe. For decades, technology-

driven advertising developments (e.g. radio, television) have posed different

iterations of the same legal question: is it fair to hide advertising? The answer

is a strong no. As early as 1937, the US Federal Trade Commission (FTC)

recognised the harms of deceptive advertising (FTC v. Standard Education
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Society, 1937). Consumers may generally be sceptical of advertising but not

of information perceived as independent or unrelated to advertising [32, 34].

In their quest to develop new business models, social media platforms

have incorporated new ways to embed hidden advertising into social media

content. This poses several risks, including manipulating consumers through

misleading information and hurting commercial competitors who do not en-

gage in misleading practices. Legally speaking, deceptive practices pose is-

sues at the advertising intersection of consumer and media law, often leading

to the so-called “mandatory rules”. These are rules that all market actors

must respect and cannot contract against.

However, in addition to laws adopted by the state, the advertising indus-

try has also promoted and developed extensive self-regulation. For instance,

in the US, in 2006, the FTC adopted its Endorsement Guides [1] applicable

to social media, which were updated in 2022 to include more specific ref-

erences to influencer marketing; in the Netherlands, the Stichting Reclame

Code adopted a Social Media Advertising Code, updated in 2022 to the So-

cial Media and Influencer Marketing Advertising Code [9]. Similarly, Brazil

adopted its Digital Influencer Advertising Guidelines in 2021 [12].

While codes of conduct and guidelines feature detailed standards (e.g.,

what hashtags to use for disclosure and influencer definitions), they often do

not have a mandatory status. Consequently, enforcing these rules in practice

is difficult, as additional administrative and judicial actions are necessary.

Germany stands out in terms of disclosure regulation due to the high vol-

ume of cases brought before German courts about non-disclosed advertising.

Only on 9 September 2021, the German Supreme Court (Bundesgerichtshof )
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came out with three judgments on influencer marketing [7]. Among the clari-

fications addressed in these cases, the Court discussed the fact that advertis-

ing disclosures should not be included in a “hashtag cloud” that would reduce

their clarity. In addition, the Court indicated the need to use unambiguous

disclosure terms such as “Anzeige” or “Werbung”, as for German-speaking

consumers, foreign language terms such as “advertisement” or “collabora-

tion” would not be considered sufficient. These rulings, often focused on

Instagram, clarify a divergent landscape of lower court decisions, sometimes

going so far as to say that all posts should be tagged as ads due to the com-

mercial nature of influencer accounts [25]. This initial confusion regarding

disclosure compliance nurtured pragmatic disclosure approaches.

Interestingly, the laws on unfair practices that apply in Germany are also

applicable in the Netherlands due to European harmonisation [31]. However,

Dutch courts have not yet had the opportunity to analyse unfair practices

concerning influencer marketing. The socio-legal reasons behind these differ-

ences are too complex to map or speculate upon here. Factors such as com-

pliance perception, trust in the market, maturity of the market, contractual

setup, business diligence, access to legal knowledge, and care for consumers

can all explain why some influencers choose to disclose advertising more than

others.

From a regulatory perspective, Germany, the Netherlands, the US, and

Brazil offer a wide enough range of disclosure self-regulation and mandatory

rules applicable on three continents. While German regulations have been

notably strict, it is essential to note that regulations in other countries have

evolved differently. The US, for instance, saw early adoption of endorsement
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guidelines by the FTC, but the enforcement intensity has varied over time.

The Netherlands has developed a comprehensive self-regulation framework,

although it lacks extensive judicial analysis. Brazil’s guidelines are relatively

recent, adopted in 2021, and it remains to be seen how they will be enforced

in practice. In addition, the United States is often seen as the ground zero

of social media policy development, not only because the most prominent

social media platforms are based in California, but also because of the very

early popularity of influencer marketing in the United States.

2.2. Related Work on Influencer Studies

Influencer marketing has been the initial monetisation model used by

influencers. It involves influencers providing advertising services for vari-

ous commercial (and often non-commercial) actors. So far, studies in the

field have focused on identifying influencers, describing their characteris-

tics, and mapping the prevalence of their disclosures. Although influencer

studies and research agendas have gained attention in a wide range of dis-

ciplines, e.g. communication, law, media studies, and computer science,

they are generally focused on specific issues, communities and data. Qual-

itative studies are predominant within the social sciences and have pri-

marily focused on questions such as the effects of content monetisation for

brands, how influencers perceive and react to metrics and disclosure require-

ments, and on analysing the relationship between influencers and their fol-

lowers [3, 30, 37, 20, 38, 2, 8, 6, 18], among others. On the other hand,

large-scale data-driven studies similar to ours are still rare within the field.

Most notably, Mathur et al. [29] analyse disclosures in over 2.6 million

publications on YouTube and Pinterest and find that only 10% of content
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sponsored through affiliate marketing has any form of disclosures. Although

their work focuses on understanding the prevalence and efficacy of disclosures

from a regulatory perspective, their analysis focuses on English-language

content from the US and does not include other jurisdictions.

In the context of Instagram, Yang et al. [44] focus on the dynamics of

brand mentions in sponsored posts. They analyse a network of over 18,000

influencers and their brand mentions on Instagram. Their study highlights

that most influencers typically mention just a few select brands. While high-

profile influencers gravitate towards well-known brands, micro-influencers do

not exhibit a particular preference. Additionally, the study observes that au-

dience engagement remains remarkably similar between sponsored and non-

sponsored posts. Martins et al. [28] focus on characterising the evolution of

influencer marketing on Facebook and Instagram, especially in the context of

the COVID-19 pandemic. Their study analyses 9.5 million sponsored posts

and reveals shifting trends in ads and user engagement after the pandemic’s

onset across various topics, including sports, retail, and politics.

Many empirical studies focus on applying machine learning methods to

detect sponsored posts and characterise influencers. Zarei et al. [45] compile

a dataset of 35 thousand posts and 99 thousand stories by 12 thousand

different users for training machine learning models to detect undisclosed

ads; all posts were selected based on containing hashtags related to sponsored

content (e.g. #ad). They characterise the activity of influencers of different

sizes (nano, micro, and mega) through cumulative distribution functions of

different features, such as the number of followers, likes, and the type of

product being advertised. Enforcing transparency in influencer marketing
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has posed significant challenges despite increasing efforts by global regulatory

bodies. A particular area of focus is the automated detection of sponsored

content. Bertaglia et al. [4] discuss the issues surrounding this task, especially

the inconsistencies arising from human data annotation for machine learning

models.

Similarly, Kim et al. [22] introduce a dataset with 1.6 million posts by

38 thousand influencers and use different network features, including brand

mentions as connections between posts, to train deep learning models to de-

tect undisclosed ads. Kim et al. [21] use a version of the same dataset to

profile influencers according to the industries related to the products they

advertise. While these studies employ large-scale datasets, their data cura-

tion methodologies differ from ours, primarily focusing on ad identification

rather than longitudinal characterisation. This approach, which often selects

posts and accounts based on specific hashtags, can make it more challeng-

ing to discern the representation of languages, countries, and account types

in the dataset. Moreover, given their focus, these datasets typically cover

shorter time frames, which may not be tailored for extensive longitudinal

analyses like ours.

Our study fills that gap by focusing on a curated list of content creators

restricted to selected countries and collecting the entire post history for all

accounts. While previous work investigated what is not being disclosed (by

automatically detecting such content), our work focuses on understanding

influencer self-disclosure practices and their connection to regulation.

The few previous studies focusing on regulation [15] analysed the relation

between disclosed and undisclosed ads and regulations from Germany and
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Spain. They collect posts from 12 thousand influencers (6 thousand from

each country) and compare the volume of sponsored content and engagement

before and after regulatory changes. They find reductions in engagement and

activity, measured as the number of sponsored posts. However, this study

diverges from our primary emphasis on influencer self-disclosure practices,

and its data curation methodology is not explicitly detailed. In addition, it

only focuses on two European countries.

Similarly, Waltenrath [39] looks at disclosures and engagement penalties

and shows that advertising posts attract only about 75% of the engagement

of regular posts. Our study aims to develop these insights further by investi-

gating how content creators express disclosures using different strategies and

how that relates to regulations from different countries.

3. Dataset

Because our objective is a longitudinal study of monetisation practices

and disclosures, we collected our dataset using an influencer-focused ap-

proach. Publicly available Instagram datasets (such as the one by Kim et

al. [22]) were collected for different purposes using a hashtag-focused ap-

proach and do not provide adequate temporal data for a longitudinal study;

moreover, they are generally not curated for particular countries.

We first selected four countries with different regulatory frameworks to

allow for a diverse sample of self-disclosure advertising practices: Brazil (BR),

Germany (DE), the Netherlands (NL), and the United States (US). We used
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Heepsy1, one of the many platforms that have emerged to support influencer

marketing, to select influencers from each of these countries based on the

number of followers. We chose Heepsy because it offers a location-based

selection filter.

We focused on two groups of influencers: those with more than 500K

followers, which we call mega-influencers, and those with fewer than 500K

followers, which we call micro-influencers. The choice of the 500k cutoff was

inspired by a 2022 national oversight measure implemented by the Dutch

Media Authority that focuses on video platform accounts with more than

500k followers2. While various other cutoffs exist in the literature, there

is no standard definition of what a mega or micro-influencer is. Moreover,

follower volume remains a random measurement for influencer studies, as

the importance of size varies between platforms and industries. As mon-

etisation models evolve and influencers diversify their strategies, traditional

definitions around influencer categories, especially regarding follower count,

become increasingly blurred–particularly considering the recent rise of nano

and niche influencers [40, 27]. We chose the 500k follower cutoff to align with

our study’s objective of understanding how influencers’ visibility impacts

their adherence to regulations. Influencers with more than 500k followers are

highly visible and likely face more scrutiny, which might drive them to adhere

more strictly to advertising regulations. While influencers around the 500k

mark are also significantly visible, we hypothesise that those surpassing this

1heepsy.com
2https://www.cvdm.nl/nieuws/commissariaat-voor-de-media-start-toezicht-op-video-

uploaders/
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threshold experience a qualitative change in their professional practices and

engagement with brands, thus attracting more regulatory attention. This

hypothesis is supported by the focus of the Dutch Media Authority on ac-

counts above this threshold, suggesting that such influencers are considered

impactful enough to warrant specific oversight. Therefore, the 500k cut-

off provides a meaningful distinction to study differences in compliance and

professionalisation.

To ensure a comprehensive analysis, we initially aimed to select 400 ac-

counts evenly distributed across the four countries and between mega- and

micro- categories. Having established our criteria, we used Heepsy to search

for accounts that matched our specifications. Heepsy returns, by default, a

list of accounts sorted relevance; the details of this metric – how it is de-

fined, calculated and applied in the ranking process – are unclear, as Heepsy

offers no transparency regarding its algorithms. Bishop [5] highlights that

influencer management tools, such as Heepsy, often incorporate concepts re-

lated to brand risk in their metrics, and these concepts could propagate and

amplify biases related to sexuality, class, and race. By encoding subjective

and potentially discriminatory criteria into their algorithms, platforms like

Heepsy may privilege certain types of content over others, leading to a skewed

and potentially biased representation of influencers. Therefore, to avoid the

potential impact of such biases, we chose not to rely on Heepsy’s proprietary

sorting algorithm and instead sorted the accounts in decreasing order of the

number of followers. Starting from the largest accounts, we went down the

list in descending order of followers. This method caused our data to skew

towards micro-influencers approaching the 500k cutoff, as we began selecting

11



from the top of the descending list at 500k.

Heepsy also uses proprietary algorithms to infer the location of influ-

encers. During the data selection process, we noticed that inferred countries

were sometimes unreliable. Therefore, we manually curated each account

and selected only those with explicit mentions of location and consistency

in the language of the posts; this is not a widespread practice given the

work-intensive curation and annotation task. Previous studies focus on iden-

tifying influencer accounts at scale based on hashtag selection [21, 22, 45].

However, this approach may lead to inaccuracies that are difficult to map

computationally. Although our approach may lead to the exclusion of out-

lier influencers not correctly identified by Heepsy, such a limitation exists

across various fixed sampling methodologies. Systematically estimating the

coverage of the data returned by Heepsy would require knowledge of every

influencer based in a given country, which is not feasible given the current

data access restrictions. However, our observations indicated that Heepsy

correctly identified at least the most popular influencers from each country.

Given the methodological challenges and the inherent biases of the Heepsy

platform, we acknowledge the propensity of our sampling to skew towards

micro-influencers nearing our 500k cutoff and mega-influencers with sub-

stantially larger followings. Obtaining a truly random sample of Instagram

influencers is impossible, as we cannot access a complete list of users on

the platform. To compile the final list of influencers, we excluded apparent

accounts of organisations, fictional characters, pets, and “repost accounts”

(profiles focused on compiling content from other users or platforms, e.g.,

memes).
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We collected all posts and their metadata from each curated account

using CrowdTangle, along with account-level information such as follower

counts. A complete description of the information provided by CrowdTangle

is available online3. We collected a total of 1, 006, 253 posts spanning from

October 2010 to September 2022. Of these, mega influencers contributed

568, 915 posts (56.5%). Breaking it down by country, Brazilian influencers

posted the most with 462, 746 posts (46.0%), followed by the US with 294, 599

posts (29.3%), the Netherlands with 143, 978 posts (14.3%), and Germany

with 104, 930 posts (10.4%). Table 1 presents descriptive statistics on the

most relevant features of the dataset. Each column represents a country (BR,

DE, NL, US ) and size (Micro (µ), Mega (M)) combination (we call that a

setting); Table 2 presents the statistics combining data from all countries.

Table 1: Dataset statistics. Values are averaged across all posts or accounts of the corre-

sponding setting.

BR DE NL US

µ M µ M µ M µ M

Followers 492k 12,552k 546k 5,767k 499k 2,041k 508k 26,641k

Verified 56% 100% 62% 96% 66% 90% 66% 100%

Posts 4.7k 4.5k 1.0k 1.1k 1.0k 1.87k 2.0k 3.9k

Likes 3.4k 69.6k 11.3k 101.5k 11.3k 25.8k 12.0k 178.7k

Comments 65 1.5k 253 2.8k 155 271 155 3.0k

There was a time lapse between our initial data curation (when we se-

3help.crowdtangle.com/en/articles/4201940-about-us
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Table 2: Statistics of the dataset combining data from all countries. Values are averaged

across all posts and accounts of the corresponding setting.

Average

µ M All

Followers 511k 11,750k 6,130k

Verified 63% 97% 80%

Posts 2.2k 2.9k 2.5k

Likes 5.7k 104.2k 60.8k

Comments 110 1.9k 1.1k

lected the accounts) and the final data collection stage. This interval caused

some fluctuation in the number of followers. Consequently, a few micro-

influencers surpassed the 500k followers mark when we compiled the data.

However, these fluctuations were generally minor, averaging a 2% deviation,

and explain the average number of followers that exceeds the cutoff value in

the case of DE and US in Table 1.

The average number of followers for micro-influencers is similar for all

countries, with values close to 500k, which matches the criterion used to select

the influencers. The differences for mega-influencers are more significant and,

at least partially, correlate to the countries’ population size. Influencers from

the US are more likely to have larger international audiences due to language

and media influence, resulting in almost four times as many followers as

the global average. The Verified row in Table 1 denotes the percentage of

accounts that have a verified badge, indicating that Instagram has confirmed

the account’s authenticity. Most mega-influencers have verified accounts,
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which is expected given their high number of followers.

The total number of average posts per account varies greatly across set-

tings and does not follow a clear pattern. Brazilian influencers (especially

micro) are outliers, having a much higher post volume than the combined

average. Similar differences have been identified on other platforms and are

linked to the importance and pervasiveness of social media in Brazil and the

Global South in general [35, 36]. The average number of Likes and Com-

ments per post, a measure of user engagement, correlates to the number

of followers—a larger audience entails more people seeing and likely engag-

ing with a post. It also correlates negatively to the number of posts, as

the low relative engagement for Brazilian micro-influencers indicates. A high

post-frequency might discourage followers from engaging because there is less

novelty, or followers feel overloaded.

To investigate the role of regulation in influencer marketing, we focus

on disclosed posts because they directly impact how influencers frame their

sponsored content. To identify self-disclosures, we compiled an initial list

of hashtags and keywords frequently used to disclose ads based on previous

work [45, 22]. We expanded the original list to include related terms in other

languages by analysing the co-occurrence of hashtags in a data sample. We

also include a few non-standard spelling variations (e.g. typos). The final

list contains #ad, #advertisement, #advertising, #advertisiment, #adver-

tisment, #anzeige, #publi, #publicidade, #publipost, #werbung, #spons,

#samenwerking, and #sponsored and their versions as keywords (without

the # symbol). These disclosure terms are typically included in the self-

regulatory guidelines discussed in subsection 2.1. Finally, we labelled posts
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containing any of those terms as sponsored. We also consider posts tagged

with the paid partnership label as sponsored. This label is an Instagram

feature released in 2017 to encourage disclosing branded content.

Table 3 presents statistics about sponsored posts aggregated by setting;

Table 4 presents the statistics combining data from all countries.

Table 3: Sponsored posts statistics. All values are averaged across all posts/accounts of

the corresponding setting. Sponsored accounts are considered those that have at least one

sponsored post. Days First Sponsored represents the number of days between the very

first post of the account and the first disclosed sponsored post.

BR DE NL US

µ M µ M µ M µ M

# Spons. Posts 2.9k 7.4k 9.3k 7.9k 730 989 1.4k 4.2k

% Spons. Posts 1.22 3.25 18.16 14.70 1.44 1.06 1.41 2.14

Days First Spons. 1603 1440 907 1022 1398 1527 1217 1134

% Spons. Accs. 88 98 88 78 84 74 86 96

We see that the number of sponsored posts varies greatly across coun-

tries. Germany comprises approximately 50% of the total, indicating that

their strict enforcement of regulation must affect disclosures. Brazilian micro-

influencers have a significantly lower amount of disclosed sponsored posts.

Combined with the high number of posts, this shows a lower level of profes-

sionalisation of monetisation practices; these accounts might not be getting

sponsorships despite their frequent activity, or they might not be disclos-

ing them, which connects to the lack of clear regulation and enforcement.

The numbers from the Netherlands are also below the global average despite

these accounts having a high relative engagement, which is often the measure
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Table 4: Sponsored posts statistics combining data from all countries. All values are

averaged across all posts/accounts of the corresponding setting. Sponsored accounts are

considered those that have at least one sponsored post. Days First Sponsored represents

the number of days between the very first post of the account and the first disclosed

sponsored post.

Aggregated

µ M All

# Spons. Posts 14.3k 20.5k 34.8k

% Spons. Posts 3.27 3.60 3.45

Days First Spons. 1280 1279 1280

% Spons. Accs. 87 87 87

brands use to find and employ influencers.

Days First Sponsored in Table 3 represents the average number of days

between the first post of an account and its first sponsored post. This number

shows how long influencers take to monetise their content and thus can serve

as a proxy for professionalisation. Finally, we define an account as Sponsored

if it has at least one sponsored post, i.e., it shows whether the influencer has

ever accepted paid sponsorships. The vast majority of influencers in all set-

tings have sponsored posts. The number is consistent across sizes, indicating

that micro-influencers appeal to brands as much as mega-influencers.

4. Longitudinal Analysis

In order to investigate how content monetisation evolved on Instagram

and to analyse trends over time, we conduct longitudinal analyses of dif-

ferent features of posts in our dataset. Figure 1 presents the number of
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monthly posts per country throughout the observation period. Instagram

was launched at the beginning of October 2010.

2010/10
2011/03
2011/08
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2013/04
2013/09
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2014/07
2014/12
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Figure 1: Number of posts over time per country.

The first posts in our dataset were from the US in October 2010, Brazil in

December 2010, the Netherlands in February 2011, and Germany in Septem-

ber 2011. By mid-2011, the activity of the 100 accounts from Brazil signif-

icantly exceeded that of all other countries, with the US taking the second

position. This ordering by the number of posts is maintained throughout the

period and is also visible in Table 1, where the average Brazilian account in

our dataset makes approximately 4.5K posts, 50% more than the average US

account, and three times more than the average Dutch or German influencer

account.

With the exception of Germany, all countries saw a peak of activity in late

2015 and a consistent decrease in the monthly number of posts since then.
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The sharpest decline, which began around mid-2016, coincides with the re-

lease of the Stories feature in August 2016. Since our dataset only contains

posts, the decrease in overall activity could indicate a shift in posting strategy

– from regular (permanent) posts to stories. The Brazilian accounts shrunk

their activity fivefold in August 2022 from the peak in March 2015, while the

German accounts only less than threefold. This difference highlights that

although some activity might have shifted from posts to stories, the decline

could at least partially be explained by platform migration – some influencers

might have increased their activity on other social media platforms, such as

TikTok. In the context of Brazilian influencers, this trend contrasts with

recent findings by Martins et al. [28], which indicate a consistent increase in

the number of disclosed ads. We acknowledge this discrepancy and consider

that factors such as differences in data collection and sampling methodologies

may account for these differing observations. Unlike our approach, Martins

et al. [28] use a larger set of disclosure hashtags to categorise sponsored posts.

Additionally, their criteria for selecting influencers differ from ours; they in-

clude accounts with over 1k followers that have posted disclosed content.

Given our stricter definition, comparisons should be made with these differ-

ences in mind. We verified that the accounts in our dataset were still active

at the end of our observation period; however, we could not investigate their

activity on other platforms.

This pattern of activity is not noticeable in the time series of the per-

centage of disclosed sponsored posts shown in Figure 2. As early as October

2012, two years after the launch of Instagram, disclosed sponsored posts were

visible in the German influencers’ activity, and they reached 35% of all posts
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by October 2018. None of the other countries comes close to this level of

disclosure.
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Figure 2: Percentage of disclosed posts over time per country.

Although posts by German influencers comprise the majority of disclo-

sures, the country has the least diversity in the number of accounts con-

tributing to the total volume of disclosures. 17% of accounts from Germany

contribute with 80% of the disclosures – the lowest among all countries. This

proportion shows that a few influencers concentrate most of the sponsored

content, or at least are the ones to adhere more strictly to the disclosure

requirements. Similarly, the other countries in the dataset, especially Brazil,

show a higher diversity in the number of influencers with sponsored posts,

which might indicate that the monetisation market is more accessible.
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5. Ad Disclosure Strategies

Content creators use different strategies to disclose sponsored posts. Our

dataset includes three types of disclosures: hashtags, keywords, and the paid

partnership tag (AD tag). Different disclosure types impact users differently:

Mathur et al. [29] show that the efficacy of disclosures on YouTube and Pin-

terest varies according to their type, and social media users particularly fail

to understand nonexplanatory disclosures. We study how content creators

interpret influencer marketing regulations and express their adherence to

them through disclosures. We also investigate how different disclosure types

impact user engagement.

To analyse how the use of disclosure types evolved over time, Figure 3

shows the frequency of the three individual disclosure types over the years.
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Figure 3: Fraction of features used to disclose sponsored posts across countries over time.

About 80% of all disclosed posts from DE use keywords (KW), while the majority of posts

from the other countries use hashtags (HT). Paid partnership feature (AD) is used for 31%

of post in BR, 27% in NL, 10% in US and only 3% in DE. Posts that use more than one

disclosure method are not represented. There were no disclosed posts in 2010 and only

US influencers disclosed sponsored posts in 2011.

Starting in 2017, the use of the AD tag grew rapidly among BR and NL
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content creators. Instagram states that content creators must use the paid

partnership label to tag the brand with which they are working. However, US

and DE posts still mostly use hashtags and keywords to disclose sponsored

content. From a user-experience perspective, the paid partnership label is the

most visible disclosure type: posts with the tag have a clear label above the

photo or video indicating that they are ads. Hashtags are primarily included

at the final of a caption, after the entire text. Instagram’s interface does not

display long captions completely, so users must click to read the entire text

and thus see the disclosure hashtags. Keywords could be placed anywhere

within the caption.

Figure 4 presents the average position of the first disclosure in the captions

as a proxy for the visibility of the disclosure types. The results are aggregated

by country, with vertical lines indicating the standard deviation value.
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Figure 4: Position of the first disclosure term in the caption, measured as the number of

words from the beginning.
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On average, German content creators place disclosures at the start of

the caption, highlighting a difference in positioning between keyword and

hashtag disclosures.

Caption length also affects disclosure position, especially for hashtags –

longer captions increase the position of hashtags at the end. Figure 5 presents

the average caption length per country for sponsored and non-sponsored

posts.
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Figure 5: Average number of words in a caption over time per country, per sponsored and

non-sponsored posts.

The trend for both sponsored and non-disclosed posts shows that the

average caption length increased significantly over the years in all countries.

Sponsored posts tend to be much longer than non-disclosed ones, with nearly

double the average length. This finding is consistent with the literature on

marketing strategies, highlighting that advertising posts tend to include more

complex narratives to persuade followers to engage with partner brands [26].

Despite the variations, the average disclosure position remained low, indicat-

ing that disclosures in posts by German content creators are more effective

and consistent.
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In general, our analyses show the influence of regulation on how content

creators disclose paid sponsorship. With a prevalence of keyword disclosures,

sponsored posts by German influencers tend to have more visible disclosures

at the start of the captions. Although the paid partnership label has gained

traction in most countries in our dataset, it still falls behind other, less trans-

parent, types of disclosure; one possible explanation for its lack of adoption

is in its name: the wording implies a partnership involving only monetary

transactions, failing to include other business models which are common in

the context of influencer marketing, such as barter [17]. Analysing content

creators’ use of disclosures helps evaluate regulation effectiveness and sug-

gests ways to enhance disclosure visibility, ultimately improving transparency

for content monetisation.

In addition to ad disclosure strategies, we also analyse post-timing pat-

terns to better understand how sponsored content differs from regular posts.

Content creators might strategically select the time of day they post to max-

imise engagement, especially for sponsored content. Figure 6 shows the post-

frequency aggregate by hour of the day converted to the local timezone of

the corresponding country; for countries with multiple timezones, we se-

lect the one that covers the most population. We compare sponsored and

non-sponsored posts to verify whether influencers employ different strategies

according to the type of content.

The trend for both types of posts is consistent during most of the day;

however, there is a significant increase of sponsored posts in the late after-

noon (between 5 pm and 9 pm), which coincides with prime time for legacy

media advertising hours. This result confirms that there is a clear pattern
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Figure 6: Post frequency by hour (converted to the local timezone) per post type.

for when content creators post most sponsored content, indicating that op-

timising post-timing is, in fact, (still) a marketing strategy. Understanding

this strategy could be useful for law enforcement: focusing on analysing ac-

tivity around this time window could lead to identifying more disclosed and

undisclosed sponsored content.

6. What is Monetised?

We analyse the brands that influencers tag in their sponsored posts to

understand what they advertise and gain more insight into their marketing

strategies. We use the paid partnership with label, which requires influencers

to include the sponsoring brand’s username, to obtain a reliable list of brands

by compiling all these usernames.

In total, 1752 unique brand accounts were tagged in posts in our dataset
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using the paid partnership label; 1490 (85%) of them are also explicitly men-

tioned in the caption. This number comprises 33.4% of all users tagged in

the disclosed posts. 39.4% of all disclosed sponsored posts tag at least one of

these brands, indicating that we compiled a representative sample. The ten

most common brands found in our dataset are Embelleze, Eudora, Gymshark,

Adidas, Zalando, Natura, PrettyLittleThing, LBA Sunglasses Boutique (@lb-

dashop), Intimissi, and Huawei. These brands span a variety of sectors, in-

cluding fashion, beauty, sports, and electronics. To delve deeper into which

brands collaborate with micro and mega influencers, Table 5 presents the

most frequently tagged brands for each influencer category.

Table 5: Usernames of the ten most frequently tagged brands per influencer category.

Micro Mega

embelleze eudora

zalando gymshark

prettylittlething adidas de

intimissimibrasiloficial embelleze

naturabroficial lbashop

vivaraonline huaweimobilepl

forage cea brasil

picsart riachuelo

fojisportsofficial womensbest

samsungbrasil aboutyoude

Among the top ten brands, only Embelleze – a Brazilian cosmetics brand

– appears in both micro and mega influencer lists. Taking into account the
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entire dataset, there is an overlap of 197 brands between the two categories,

representing 11.24% of the overall distribution. This overlap highlights a

substantial difference in most brand partnerships across influencer categories.

This variation emphasises the unique brand strategies for each influencer

group.

We observe significant differences in the distribution of brands across

countries. The posts of Brazilian influencers tag the highest number of

brands: 688 (46.6% of the total of our compiled list), while US, DE, and

NL, respectively, tag 511 (34.3%), 433 (29.1%), and 207 (13.9%); mega in-

fluencers tag more brands than micro in all countries. The higher number

of brands tagged by Brazilian content creators indicates more activity and

diversity in the context of content monetisation, as more brands opt to part-

ner with influencers for advertising. Table 6 shows the ten most frequently

tagged brands by influencers from each country in our dataset.

Table 6: Usernames of the ten most frequently tagged brands per country.

US DE BR NL

prettylittlething adidas de embelleze gymshark

americanexpress zalando eudora womensbest

bangenergy huaweimobilepl naturabroficial mavenbeauty

fijiwater aboutyoude lbashop nakdfashion

sinfulcolors official forage intimissimibrasiloficial fojisportsofficial

nordstrom adidasfootball cea brasil zalando

tmobile 4f official riachuelo natur e indonesia

adobestock lorealparis vivaraonline millionairequeenswimwear

lyft picsart samsungbrasil fellegance

netaporter gymshark oboticario milka netherlands

To better understand which brands (e.g., local or international, type of in-

dustry) influencers partner with, we measure the general prevalence of brands

across different countries. 241 brands (16.2%) occur in posts by influencers
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from two different countries; 87 (5.8%), from three; and 21 (1.4%) are tagged

in all countries. Therefore, at least 23.4% of brands tagged in our dataset

are international, and posts tagging these brands comprise 17.6% of the total

volume of disclosed posts. These brands are predominantly from the fashion

and beauty industries (e.g. Gucci, Dior, Zara, Lancôme). We analyse the

distribution of these posts across mega and micro influencers to understand

brand preference when selecting the influencers to collaborate with: 66.1%

are by mega influencers and 33.9%, by micro, suggesting that international

brands may prefer to partner with influencers with larger audiences. We also

analyse the distribution by setting (country + size) and observe that mega

influencers have more posts sponsored by global brands in all countries, with

the highest prevalence in Germany; however, German micro influencers still

have proportionally more posts than all other settings. This result reinforces

the evidence for the presence of undisclosed sponsored posts from other coun-

tries, as the real distribution of disclosures should be closer to the German

one because of its stricter regulations.

To further investigate the potential presence of undisclosed sponsored

posts, we analyse the overall prevalence of tagged brands in the entire dataset,

including posts without disclosures. In total, 51.6K posts have at least one

of the brands tagged; only 13.1K of them (25.4%) are disclosed as sponsored.

Therefore, 74.6% of these posts could be undisclosed ads. Moreover, 362 out

of the 400 accounts in our dataset (90.5%) have at least one post tagging one

of these 1490 brands, which shows that brands engaging in sponsored con-

tent have massive reach across all settings. We also analyse the distribution

of undisclosed posts tagged with brands considering country and size: the
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majority (58.5%) are posted by BR influencers (31.4% mega and 24.6% mi-

cro), followed by US mega (20.8%), NL mega (10.9%), US micro (4.4%), NL

micro (3.7%), DE mega (2.8%), and DE micro (1.4%). This result indicates

that the stricter disclosure regulations for German influencers are effective,

as most posts tagged with these brands are actually disclosed as ads. On the

other hand, Brazilian content creators disclose the least. Although a post

could mention a brand without necessarily being sponsored by it, our dataset

likely contains a significant volume of undisclosed ads.

7. Impact of Disclosures on Engagement

Research highlights that influencers often hesitate to disclose sponsored

posts adequately, fearing that they will get less engagement, thus decreas-

ing their value [8, 10, 2]. Ershov and Mitchell [15] concluded that after

the strengthening of disclosure regulations in Germany engagement with dis-

closed posts fell substantially. Engagement metrics often determine an influ-

encer’s value for a brand; therefore, reductions in engagement are likely to

impact the monetisation potential of content creators.

We define engagement as the number of likes and comments averaged

over all posts of the posting influencer. We do not normalise engagement

by the number of followers because this value is only available when data

are retrieved; thus, we do not have access to the number of followers an

account had when each post was published. We conducted experiments to

verify whether stricter disclosure requirements reduce engagement and to

understand which influencers these reductions affect the most. We focus

on two types of sponsored posts: disclosed (subsection 7.1) and undisclosed
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(subsection 7.2).

7.1. Engagement with Disclosed Sponsored Posts

We start by comparing the average engagement in three scenarios: non-

disclosed posts, all disclosed posts, and disclosed posts tagging global brands

– as these brands are widely recognised, we investigate whether posts tagging

them have more engagement than sponsored posts with local brands. Fig-

ure 7 shows the average engagement value per setting, highlighting significant

differences across countries.
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Figure 7: Average engagement per post across different settings. Posts are split into

disclosed sponsored posts, non-disclosed posts, and sponsored posts tagging global brands.

Global brands are identified from the “paid partnership with” feature and are present in

all countries.

For mega-influencers from DE and US, engagement with non-disclosed

posts is higher, while sponsored posts have a higher engagement for Brazil-

ian accounts. The differences between NL accounts and micro-influencers
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are generally smaller, and engagement tends to be consistent regardless of

disclosures. Moreover, posts tagged with global brands generally have more

engagement.

To analyse fluctuations in engagement through time, we calculate the

average monthly engagement with (disclosed) sponsored and non-disclosed

posts. First, we analyse the general engagement trend in the dataset by

aggregating data from all countries. Figure 8 shows the results; Figure 9

presents a Cumulative Distribution Function (CDF) plot to describe engage-

ment from a more granular perspective.
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Figure 8: Engagement trend with non-disclosed and sponsored posts over time across the

entire dataset. The solid lines represent the smoothed average engagement over a time

window of 3 months. The dotted lines represent the monthly averages.

The engagement trends show that non-disclosed posts gain engagement

more rapidly than sponsored ones, with initial higher engagement for spon-

sored posts shifting over time due to occasional spikes rather than consistent
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Figure 9: Cumulative distribution of engagement with non-disclosed and sponsored posts

across the entire dataset over time. The x-axis uses a logarithmic scale for clarity.

levels. The CDF plot reveals faster growth in engagement for non-disclosed

posts; for example, at 1,000 and 10,000 engagement levels, non-disclosed

posts outpace sponsored posts in reaching moderate engagement levels –

both types of posts plateau in engagement beyond the 100k mark, indicating

a ceiling effect. Analysis of monthly cumulative averages pinpoints July 2018

as the turning point where non-disclosed posts consistently outperformed

sponsored posts in engagement.

To understand the reasons behind the spikes in engagement with spon-

sored posts, we identified months where sponsored posts outperformed non-

disclosed ones in average monthly engagement. Our goal was to determine

whether specific accounts with high levels of engagement were driving these

spikes. To achieve this, we identified accounts considered outliers in those

months using the Interquartile Range (IQR) method. We aggregated the
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total engagement for sponsored posts and then calculated each account’s

monthly engagement and their proportional contribution to overall engage-

ment. Finally, we applied the IQR method, identifying outliers by computing

the difference between a distribution’s 75th and 25th percentiles and flagging

any account that deviates more than 1.5∗ IQR from this range as an outlier.

We found that 88.9% of the months with spikes in engagement had out-

liers, with an average of 5.3 outlier accounts per month. In comparison,

82.0% of the months in the dataset had outliers, with an average of 12.8.

The difference in the average number of outliers per month is significant and

shows that months with spikes are much more concentrated and dominated

by a few accounts. 89.7% of the outlier accounts were mega-influencers,

confirming that content creators with more followers generate proportionally

more engagement and that it is more difficult for micro-influencers to obtain

above-average engagement with sponsored posts.

Our analysis initially focused on monthly outliers but missed consistent

high performers. To address this issue, we applied the IQR method on an

account level. We calculated the engagement contribution percentage per

account for all months and applied the IQR threshold to identify outlier

months. We defined a given account as outperforming in a month if it was

considered an outlier using both methods: their contribution in a specific

month was an outlier, and that specific month was also an outlier. We

identified 27 accounts consistently outperforming in engagement spikes, with

69.6% being mega-influencers. This result suggests that mega-influencers

more frequently achieve and sustain high engagement compared to micro-

influencers. Our outlier detection accounts for individual influencer trends,
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ensuring a balanced comparison across different audience sizes.

To understand how engagement is distributed across the accounts in the

dataset, we analysed the posts within the last spike (March 2018), which had

only one overperforming account: Anitta, a Brazilian singer and a mega-

influencer in our dataset. She had nine sponsored posts that month and

contributed 12.7% to the total engagement. Interestingly, 8 out of 9 spon-

sored posts tagged the same brand (O Boticário) a Brazilian cosmetics brand.

All these posts were advertising the release of a new music video sponsored by

the brand. Therefore, the spike in engagement can be explained by a specific

event (the music video release) and a marketing campaign (the partnership

with the brand). This result indicates that spikes in engagement can help

detect marketing campaigns or related events, which might be relevant for

regulating and enforcing disclosures. Furthermore, Duffy et al. [14] highlight

that influencers use strategies to actively encourage followers to interact,

for example, by asking users to comment to participate in giveaways ; such

strategies have been shown to inflate, at least temporarily, engagement [10].

Our analyses generally confirm the decrease in average engagement with

sponsored posts over time observed in related work [15]. However, this de-

crease (which, in our dataset, significantly sharpens from July 2018) only con-

cerns engagement with non-disclosed posts. The spikes in average monthly

engagement in sponsored posts are mostly driven by mega-influencers who

consistently have high engagement or other popular accounts with overper-

forming monthly engagement. These results indicate that mega-influencer

followers are more stable and tend to engage more consistently regardless of

disclosures. However, achieving above-average engagement with sponsored
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posts is more difficult for micro-influencers. Therefore, they are more likely

to be impacted by changes in disclosure regulation and can suffer more nega-

tive consequences from the loss of engagement because they are less likely to

have overperforming posts. Thus, it is essential to analyse the implications

of disclosure regulation for these categories separately.

We analyse the average monthly engagement per country to investigate

whether these observations are consistent across countries. Figure 10 shows

the results.
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Figure 10: Engagement with non-disclosed and sponsored posts over time per country.

For US, DE, and NL, the engagement trend is similar to the entire dataset:

engagement with sponsored posts starts higher with many spikes but stops
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growing at some point. For BR, engagement with sponsored posts remains

closer to non-disclosed ones, although there is an increase in the difference

in the later months. To measure the point at which the trend changes, we

first calculated the monthly difference between non-disclosed and sponsored

posts. Then, we applied a rolling average with a window of 3 and found

the last month in which the average was negative (i.e., higher for sponsored

posts) than the previous rolling average (corresponding to the previous three

months). We define this month as the inflexion point in the trend. The

inflection points are October 2015 for DE, January 2018 for NL, Jan 2018

for US, and August 2020 for BR.

The averages before and after the inflexion points are different in scale

but comparable. Engagement with sponsored posts was higher before the

inflexion point but significantly dropped and was surpassed by non-disclosed

posts. The spikes in average monthly engagement still occur after the inflex-

ion point, mainly caused by engagement with posts by mega-influencers. The

specific dates are connected to the strictness of disclosure regulations in each

country: they come much earlier in Germany, later and at the same time for

the US and Netherlands, and only recently for Brazil. The dates are defined

based on a rolling average with a window of 3, so they are still susceptible

to local and short-range variations, potentially reflecting local events or sea-

sonal factors. For future work, we plan to explore more robust methods for

measuring the changes in trends and further investigate the causes for each

inflexion point.
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7.2. Engagement with Undisclosed Sponsored Posts

Our previous analyses focused on self-disclosed posts. However, it is com-

mon for posts without disclosures to actually be undisclosed advertisements.

Previous research has shown that the prevalence of undisclosed ads on Insta-

gram is significant; Zarei et al. [45] estimate that 17.7% of all posts contain

undisclosed ads. This result raises the concern that undisclosed advertise-

ments could influence the engagement trends observed. To better understand

their impact, we used machine learning models to automatically detect undis-

closed sponsored posts and assess their impact on engagement trends.

7.2.1. Detecting Undisclosed Sponsored Posts

We frame the detection of undisclosed ads as a semi-supervised classifi-

cation problem. Given a post without any disclosures, our objective is to

determine whether it is a sponsored advertisement or a non-sponsored post.

To approach this problem, we use models trained on a dataset built explicitly

for this task. For our classification task, we use disclosed sponsored posts,

including all types of disclosures, as positive examples for the ad (sponsored

post) class. The remaining posts are considered negative examples: either

non-sponsored or undisclosed-ads. We do not have explicit labels for all

classes in the semi-supervised setting – in practice, the models learn to de-

tect ads based on disclosed sponsored posts. To evaluate whether models can

also identify undisclosed ads, we manually label a sample of the dataset con-

taining undisclosed sponsored posts; we will describe the annotation process

and the labelled sample in subsubsection 7.2.2.

Our original dataset contains 34.7K disclosed posts and 971.5K negative

examples, which results in a highly imbalanced distribution of classes. We
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apply the random undersampling approach proposed by [45] to address this

imbalance and create a balanced dataset for our classification task. This

approach involves selecting all disclosed posts and a random subset of the

same size from the negative class. This results in a balanced dataset with

an equal 50/50 split between the two classes. This balanced distribution

differs significantly from the heavily skewed actual distribution; however, we

draw the annotated sample used for evaluation from the real distribution, so

evaluating the model on it allows us to investigate how it would perform on

real-world data. Finally, we create separate datasets for each country (BR,

DE, NL, US) with 20.6k, 35.1k, 3.5k, and 11.2k posts for each and a combined

dataset with 70.4k posts. We evaluate the models in three steps: first, we

use 80% of the dataset for training and 20% for evaluation; then, we perform

5-fold cross-validation to ensure that the random split between the train and

test sets does not affect the model performance. Finally, we evaluate the

models on the annotated data sample, which includes a representative group

of posts, including undisclosed ads.

Our models use a post’s caption (text) as the input signal. We remove all

disclosure hashtags and keywords from the captions to ensure that the models

are not learning a direct mapping between disclosures and advertisements.

We do not pre-process the text further. We used a BERT-based model for

classification [13]. Using our dataset, we build our classifier using a pre-

trained BERT model that is fine-tuned for the ad detection task. We used

the bert-base-multilingual-uncased4 pre-trained model, which is trained on

4https://huggingface.co/bert-base-multilingual-uncased
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text from multiple languages and can handle the mix of languages in our

dataset. We used the pre-trained model weights from HuggingFace and their

library to implement all of our experiments [42].

We fine-tuned the BERT-based model using the same hyperparameters

from the original paper (specified in [13]) and trained it for three epochs. To

evaluate the impact of country-specific features, we train models using two

settings: one model per country and one model using the combined dataset.

We hypothesise that using the combined dataset will allow the model to learn

common patterns across the posts by influencers from different countries in

the dataset, resulting in a more robust and generalisable model. We evaluated

our models using precision, recall, and F1. Table 7 shows the performance

of the models trained on individual country datasets using cross-validation.

All metrics are the average across the five folds; values after ± indicate the

standard deviation across folders.

Table 7: Performance of the models trained on each country’s individual dataset with

5-fold cross-validation, evaluated using Precision, Recall, and F1. # Samples represents

the number of posts in the test set of each country. All metrics are averaged over the five

folds; values after ± indicate standard deviation.

Dataset P R F1 # Samples

BR .89 ± .01 .90 ± .03 .90 ± .02 4130

DE .93 ± .03 .84 ± .07 .88 ± .04 7006

NL .88 ± .04 .90 ± .03 .89 ± .02 693

US .86 ± .03 .89 ± .03 .87 ± .03 2247

Classifiers trained in individual datasets generally perform well, with
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Macro F1 values ranging from 0.87 to 0.90 and an average of 0.885. The

performance across countries varies, with the best result seen in the model

trained on the German (DE) dataset. The higher number of disclosures

in Germany results in a larger, more representative training dataset, con-

tributing to this result. The F1 values show that the models can effectively

classify sponsored posts and negative examples without a strong bias toward

one class. However, there are differences between the precision and the recall

values. The models for DE tend to be conservative in identifying sponsored

posts, with higher precision but lower recall. In NL and US, the opposite

occurs, leading to an overestimation of the prevalence of ads and misclassi-

fication of non-sponsored posts. Despite these differences, the F1 scores are

balanced, and performance is consistent across classes.

We analyse the models’ performance on the combined dataset using the

same metrics. We first evaluate the model using the test split (with 20% of the

data); the combined dataset is much larger than the individual ones; thus,

training the model on it is more costly and performing cross-validation is

inefficient. Therefore, to save computational resources, we use the 80/20 split

to train the model and more quickly check whether the use of the combined

data improves the classification performance. Table 8 presents the results.

The model trained on the combined dataset shows a decline in perfor-

mance in all countries except Brazil, for which the model achieves a marginal

increase of only one point in F1. The differences in disclosure practices and

marketing strategies among countries make it challenging for the model to

generalise effectively. Moreover, training the model on the combined dataset

takes longer and requires more computational resources. Therefore, we used
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Table 8: Performance of the models trained on the combined dataset evaluated on the test

set (20% of the dataset used in the classification task).

Dataset P R F1 # Samples

BR .85 .86 .85 4130

DE .89 .89 .89 7006

NL .84 .83 .83 693

US .80 .80 .80 2247

the models trained on individual country datasets for all subsequent experi-

ments and chose not to evaluate the combined model using cross-validation.

7.2.2. Evaluation on Annotated Data

To verify whether trained models can identify undisclosed ads, we evalu-

ate their performance on a manually annotated sample. Annotators labelled

posts as sponsored or non-sponsored based on their captions. We selected

1210 posts by US influencers to be labelled. For future work, we will label

posts by influencers from all countries in the dataset. We randomly sampled

50% of the total from disclosed posts and 50% from undisclosed. A group of

fifteen students in a Master’s programme in Law & Technology labelled the

dataset. After a training session, all participants labelled a sample of 100

posts used to calculate the inter-annotator agreement. We measure agree-

ment using absolute and majority agreement percentages and Krippendorf’s

Alpha [24]. We achieved 58% absolute agreement (i.e., all annotators selected

the same label for 58% of the posts) and 0.74 Krippendorf’s Alpha, repre-

senting good agreement. The agreement metrics indicate that the labelled
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data are reliable.

For the main annotation phase, we split the students into five groups of

three people. Members of the same group labelled the same posts, ensuring

that three people annotated each post. We used majority voting to deter-

mine the final label of a post. 36.8% of the undisclosed posts were labelled

as sponsored. In total, the annotated sample contains 224 undisclosed ads.

Finally, we evaluate the performance of the ad detection model on annotated

data. The model trained on US data achieves 0.80 precision, 0.80 recall,

and 0.80 F1, representing a seven-point decrease in performance compared

to cross-validation evaluation. The model correctly detected 151 of the 224

undisclosed ads (67.4%). Thus, even with the drop in F1, the model learnt

to identify undisclosed ads and can detect most of them. Although we only

evaluate the classifier trained on US data, the ones for the other countries

are based on the same pre-trained multilingual BERT model (M-BERT)

and fine-tuned on comparable data (relying on self-disclosure). Therefore,

their performance in undisclosed ads would be reliable and follow the same

pattern. Pires et al. [33] demonstrated that M-BERT effectively processes

multiple languages despite being trained without explicit cross-lingual ob-

jectives, highlighting its utility in tasks in languages such as Spanish, Hindi,

and Russian. This suggests that the linguistic features learnt by M-BERT

can be generalised across languages, making it a robust foundation for our

classifiers in other countries. Moreover, studies have shown that M-BERT

performs strongly in cross-lingual zero shot tasks [43, 19, 13].
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7.2.3. Is Not Disclosing Worth It?

After training the models, we use them to predict whether the posts

without disclosures are ads. We apply the models to all undisclosed posts

in the dataset. The model classified 123.6k posts as undisclosed ads (12.3%

of the entire dataset). Table 9 presents the distribution of sponsored posts

across countries.

Table 9: Distribution of sponsored (disclosed and undisclosed) posts per country across

the dataset.

Country Disclosed Undisclosed Total

# % # % # %

BR 10.3k 2.2 57.0k 12.3 67.3k 14.6

DE 17.2k 16.4 4.8k 4.6 220.0k 21.0

NL 1.7k 1.2 22.3k 15.4 24.0k 16.7

US 5.6k 1.9 39.5k 13.4 45.1k 15.3

All 34.8k 3.5 123.6k 12.3 158.3k 15.8

The results show a clear trend where most sponsored posts in the dataset

lack proper disclosures, except for posts made by German influencers. The

rates of undisclosed ads are uniform across countries except DE, indicating

that the model predictions are consistent. The ratio between disclosed and

undisclosed ads varies proportionately – a higher number of disclosed ads

corresponds to a lower number of undisclosed ones. The results are par-

ticularly striking for German influencers, where most sponsored posts are

disclosed, highlighting the effectiveness of strict regulations. Additionally,

the overall proportion of sponsored posts across countries demonstrates a
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comparable distribution. Finally, we extend the engagement analyses from

subsection 7.1 to include the three categories of sponsorship – non-sponsored,

disclosed ad, and undisclosed ad. First, we compare the average engagement

per country for the entire dataset.
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Figure 11: Average engagement with non-sponsored, disclosed, and undisclosed sponsored

posts across the entire dataset.

Figure 11 shows that the average engagement varies significantly across

countries. Non-sponsored posts receive more engagement, except for posts by

Brazilian influencers. In Brazil, engagement is higher for disclosed sponsored

posts than undisclosed ones, whereas the reverse is true for Germany and

the US. The difference in the Netherlands is negligible. Disclosed sponsored

posts receive an average engagement of 56.3k when aggregating the results

across all countries. In contrast, undisclosed ads receive 52.0k, suggesting

that proper disclosure does not necessarily result in a significant decrease in

engagement. The decrease in engagement is more evident between sponsored
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and non-sponsored posts, indicating that the presence of ads results in lower

engagement rather than the disclosure itself. To describe how engagement

trends change through time, Figure 12 presents the time series of average

engagement across the entire dataset.
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Figure 12: Average engagement with non-sponsored, disclosed, and undisclosed sponsored

posts over time across the entire dataset.

The engagement trends follow the pattern described by Figure 8. Engage-

ment with non-sponsored posts grows proportionally much more than with

the others. We previously hypothesised that undisclosed ads could inflate en-

gagement with non-disclosed posts, leading to their apparent higher growth.

However, Figure 12 confirms that the trend remains consistent when split-

ting non-disclosed posts into non-sponsored and undisclosed ads. Although

engagement with undisclosed ads has many spikes, bringing the average up,

generally the values are lower than the ones for non-sponsored posts and

more similar to disclosed ads. These spikes follow the behaviour we dis-
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cussed previously – accounts with many followers drive engagement up, es-

pecially through marketing campaigns. Overall, these trends confirm our

observations that sponsored posts have lower engagement. Moreover, except

for spikes that cause the average to increase, engagement with disclosed and

undisclosed ads remains close, indicating that properly disclosing ads is not

necessarily harmful to engagement.

8. Summary

This paper presents a longitudinal characterisation of self-disclosed spon-

sored content posted on Instagram by 400 influencers from four countries

from the platform’s release in October 2010 to September 2022. Our study re-

vealed the following observations: First, our longitudinal analysis highlights

the impact of adopting new features of platform monetisation in different

countries. Specifically, we observe that the introduction of the paid partner-

ship with feature in 2017 led to faster adoption in Brazil and the Netherlands

and very low adoption in Germany, perhaps due to German case law and the

adoption of pragmatic practices by law firms who advised influencers “to be

on the safe side” [23].

We also observe a significant difference in disclosure strategies across the

different countries, such as the length of captions for disclosed posts and

the position of the disclosing term. German case law recommends that the

disclosure terms be clearly visible and separate from a hashtag cloud, which

might explain the overwhelming adoption of keywords in sponsored posts

by German influencers and their positioning at the beginning of the cap-

tion. Therefore, we conclude that strict disclosure requirements lead to more
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disclosed posts and more visible disclosures.

Second, we show that the posting activity of the observed accounts in-

creased significantly until 2016 and then decreased steadily to the current

day. The start of this decline coincides with the release of the Stories fea-

ture. We hypothesise that influencers diversified their activity by posting

more Stories than permanent posts. However, the proportion of sponsored

content remained constant in about 5% of the posts in three of the countries

we analysed, except for Germany, which saw a significant decrease in the

percentage of disclosed posts after 2018. This result shows that influencers

continued to use permanent posts to share sponsored content.

We also observed that Brazilian accounts post significantly more than

influencers from other countries, and the share of sponsored content is spread

across more accounts, showing that the market is more uniform. However,

high posting activity leads to lower engagement on average; we observe that

the volume of posts is inversely proportional to engagement.

These findings indicate the need for nuanced regulatory strategies that

consider changes in platform characteristics and cultural differences in in-

fluencer behaviour. Additionally, these results underscore the methodologi-

cal challenges in replicating and generalising findings over time, as ongoing

changes in platform features and user behaviour may render past observa-

tions and trends non-representative.

Third, we identify several monetisation strategies. Regarding the tim-

ing of posting sponsored content, we see a significant increase in the late

afternoon local time (between 5pm and 9pm), consistent with legacy media

advertising hours. Therefore, the timing of posts can be a relevant feature
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for both machine learning and computational methods aimed at detecting

sponsored content and for regulatory agencies monitoring these activities.

We thoroughly investigate the impact of sponsored content and disclo-

sures on engagement. We identified that the engagement trend changed

considerably after July 2018. Before this date, disclosed sponsored posts

had higher engagement than non-disclosed posts. After July 2018, this trend

reverses. We analyse the period in which the disclosed posts had higher

engagement and conclude that popular mega influencers drive the average

engagement up through a few posts with outlier performance; we identify co-

ordinated marketing campaigns among these posts. This observation could

be helpful for the enforcement of disclosure regulations in social media, as it

suggests that monitoring spikes in posts related to specific brands or cam-

paigns could lead to undisclosed sponsored content.

To analyse whether undisclosed ads impact the engagement trend with

non-disclosed posts, we fine-tune a BERT-based model to detect sponsored

content, including undisclosed ads. The model reaches a 0.90 F1 score for

disclosed sponsored posts, with a 67.4% accuracy rate when identifying undis-

closed ads. We identified 123.6k undisclosed ads, representing 12.3% of all

posts. We compare the differences in engagement between disclosed and

undisclosed sponsored posts and conclude that, generally, disclosures do not

harm engagement.

Our observations highlight the impact of legal uncertainty on advertising

disclosure. They also reflect the importance of clear mandatory guidelines

for effective disclosure strategies. Without them, even regulations that are

supposed to be harmonised at the European level seem to be perceived differ-
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ently and applied in Member States such as Germany and the Netherlands.

Moreover, disclosed content does not show less engagement than undisclosed

content in most scenarios – this empirical observation could be used to en-

courage influencers and brands to follow disclosure regulations.

We acknowledge that the 400 selected influencers may not be a repre-

sentative sample of the user account population with a very large following

base. However, our qualitative data curation relies on clearly defined cri-

teria for finding and selecting influencers, allowing for more systematic and

reproducible experiments. Moreover, we highlight that our study, by design,

focuses on descriptive and observational analyses contextualised within spe-

cific influencer categories and countries. This approach allows us to provide

nuanced perspectives on disclosure practices across different social media

landscapes. However, the complexity of external factors, such as seasonality

and their potential impact on influencer behaviour, presents challenges in

measuring statistical significance with robustness. Consequently, while our

findings offer valuable contributions to understanding influencer marketing

dynamics, they must be interpreted within the framework of these method-

ological constraints.

Recommendations for Platforms and Regulatory Agencies

Our longitudinal analysis of Instagram content provides insights that plat-

forms and regulatory agencies can leverage for more effective oversight. A

primary observation is the need for precise regulations and guidelines for ad-

vertising disclosures. Although each country has unique cultural and socio-

political nuances that influence disclosure trends, a foundational set of prac-

tices could improve the rate of proper disclosures. The German scenario

49



shows that clear guidelines result in higher compliance.

As platforms continually innovate and introduce new features, it is essen-

tial to ensure that mechanisms for ad disclosure are robust and adaptable.

For instance, the advent of the Instagram Stories feature prompted influ-

encers to diversify their content strategy. Platforms and regulators should

proactively anticipate these shifts and provide tools or templates to clarify

ad disclosures for the audience.

Our experiments with the BERT-based model illustrate how computa-

tional methods can effectively identify undisclosed ads. Such technologies

can flag potential ads and encourage proper disclosure when integrated into

platforms. Although automation can be helpful, education is fundamental

for effective regulation. Both social media platforms and regulatory agencies

should invest in ongoing education for the influencer community. Through

workshops, webinars, and incentivising best practices, we can ensure that

influencers are up-to-date with the latest guidelines and understand the im-

portance of proper disclosures.

Understanding monetisation nuances across different influencer categories

is also crucial. Given the diverse strategies between micro and mega influ-

encers, guidelines should be tailored to address each segment’s unique chal-

lenges and opportunities, ensuring no group is inadvertently disadvantaged.

In conclusion, fostering transparency and trust in sponsored content requires

collaboration between platforms, influencers, and regulatory agencies backed

by clear guidelines, technological innovation, and continuous education.
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All the code relevant to the paper is publically available on GitHub.

We provide a script for our experiments’ data collection and processing
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with our methodology. The code necessary to reproduce all of our exper-

iments is also publicly available. All resources can be found on https:

//github.com/thalesbertaglia/instagram-disclosure-trends.
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[3] Daniel Belanche, Luis V. Casaló, Marta Flavián, and Sergio Ibáñez-

Sánchez. Understanding influencer marketing: The role of congruence

between influencers, products and consumers. Journal of Business Re-

search, 132:186–195, August 2021.

[4] Thales Bertaglia, Stefan Huber, Catalina Goanta, Gerasimos Spanakis,

and Adriana Iamnitchi. Closing the Loop: Testing ChatGPT to Gen-

erate Model Explanations to Improve Human Labelling of Sponsored

Content on Social Media. In Luca Longo, editor, Explainable Artifi-

cial Intelligence, Communications in Computer and Information Science,

pages 198–213, Cham, 2023. Springer Nature Switzerland.

[5] Sophie Bishop. Influencer management tools: Algorithmic cultures,

brand safety, and bias. Social Media + Society, 7(1), 2021.

[6] Markus Blut, Viktorija Kulikovskaja, Marco Hubert, Christian Brock,

and Dhruv Grewal. Effectiveness of engagement initiatives across en-

gagement platforms: A meta-analysis. Journal of the Academy of Mar-

keting Science, pages 1–25, 2023.

52

https://www.ecfr.gov/current/title-16/chapter-I/subchapter-B/part-255
https://www.ecfr.gov/current/title-16/chapter-I/subchapter-B/part-255


[7] Bundesgerichtshof. Bgh press release. https://www.

bundesgerichtshof.de/SharedDocs/Pressemitteilungen/DE/2021/

2021170.html?nn=10690868, 2021. [Online; accessed 05-Jul-2024].
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influencer advertising guidelines. ”http://conar.org.br/pdf/CONAR_

Digital-Influencer-Advertising-Guidelines_2021-03-11.pdf",

2021. ”[Online; accessed 05-July-2024]”.

[13] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova.

BERT: Pre-training of deep bidirectional transformers for language un-

derstanding. In Proceedings of the 2019 Conference of the North Amer-

ican Chapter of the Association for Computational Linguistics: Human

53

https://www.bundesgerichtshof.de/SharedDocs/Pressemitteilungen/DE/2021/2021170.html?nn=10690868
https://www.bundesgerichtshof.de/SharedDocs/Pressemitteilungen/DE/2021/2021170.html?nn=10690868
https://www.bundesgerichtshof.de/SharedDocs/Pressemitteilungen/DE/2021/2021170.html?nn=10690868
https://www.reclamecode.nl/social/
http://conar.org.br/pdf/CONAR_Digital-Influencer-Advertising-Guidelines_2021-03-11.pdf"
http://conar.org.br/pdf/CONAR_Digital-Influencer-Advertising-Guidelines_2021-03-11.pdf"


Language Technologies, Volume 1 (Long and Short Papers), pages 4171–

4186, Minneapolis, Minnesota, June 2019. Association for Computa-

tional Linguistics.

[14] Brooke Erin Duffy and Megan Sawey. Value, service, and precarity

among instagram content creators. Creator culture: An introduction to

global social media entertainment, pages 135–142, 2021.

[15] Daniel Ershov and Matthew Mitchell. The Effects of Influencer Adver-

tising Disclosure Regulations: Evidence From Instagram. In Proceedings

of the 21st ACM Conference on Economics and Computation, EC ’20,

pages 73–74, New York, NY, USA, July 2020. Association for Comput-

ing Machinery.

[16] Michaelsen Frithjof, Collini Luena, Jacob Cécile, Goanta Catalina,

Kettner Sara Elisa, Bishop Sophie, Hausemer Pierre, Tho-

run Christian, and Yesiloglu Sevil. The impact of influ-

encers on advertising and consumer protection in the single

market. https://www.europarl.europa.eu/RegData/etudes/STUD/

2022/703350/IPOL_STU(2022)703350_EN.pdf, 2022. [Online; accessed

05-Jul-2024].

[17] Catalina Goanta and Sofia Ranchordás. The regulation of social media

influencers. Edward Elgar Publishing, 2020.

[18] Liselot Hudders, Steffi De Jans, and Marijke De Veirman. The com-

mercialization of social media stars: a literature review and conceptual

54

https://www.europarl.europa.eu/RegData/etudes/STUD/2022/703350/IPOL_STU(2022)703350_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/STUD/2022/703350/IPOL_STU(2022)703350_EN.pdf


framework on the strategic use of social media influencers. International

Journal of Advertising, 40(3):327–375, 2021.

[19] Karthikeyan K, Zihan Wang, Stephen Mayhew, and Dan Roth. Cross-

lingual ability of multilingual bert: An empirical study. In International

Conference on Learning Representations, 2020.

[20] Do Yuon Kim and Hye-Young Kim. Trust me, trust me not: A nu-

anced view of influencer marketing on social media. Journal of Business

Research, 134:223–232, 2021.

[21] Seungbae Kim, Jyun-Yu Jiang, Masaki Nakada, Jinyoung Han, and Wei

Wang. Multimodal Post Attentive Profiling for Influencer Marketing. In

Proceedings of The Web Conference 2020, WWW ’20, pages 2878–2884,

New York, NY, USA, April 2020. Association for Computing Machinery.

[22] Seungbae Kim, Jyun-Yu Jiang, and Wei Wang. Discovering Undisclosed

Paid Partnership on Social Media via Aspect-Attentive Sponsored Post

Learning. In Proceedings of the 14th ACM International Conference on

Web Search and Data Mining, WSDM ’21, pages 319–327, New York,

NY, USA, March 2021. Association for Computing Machinery.

[23] Margret Knitter. Influencer marketing – labelling requirements in ger-

many - social media - germany, Jan 2020.

[24] Klaus Krippendorff. Computing krippendorff’s alpha-reliability. 2011.

Annenberg School for Communication Departmental Papers: Philadel-

phia, 2011.

55



[25] Landgericht Berlin. Case on influencer advertising disclosures, May 24

2018. Docket Number: 52 O 101/18.

[26] Susanna Lee and Eunice Kim. Influencer marketing on instagram: How

sponsorship disclosure, influencer credibility, and brand credibility im-

pact the effectiveness of instagram promotional post. Journal of Global

Fashion Marketing, 11(3):232–249, 2020.

[27] Sherina Aprilla Marmora Lie and Fitri Aprilianty. The effect of nano-

influencers on instagram toward consumer purchase decision on local

skincare brand. International Journal of Business and Technology Man-

agement, 4(3):362–376, 2022.

[28] Emanuelle Azevedo Martins, Isadora Salles, Fabricio Benevenuto, and

Olga Goussevskaia. Characterizing sponsored content in facebook and

instagram. In Proceedings of the 33rd ACM Conference on Hypertext

and Social Media, HT ’22, page 52–63, New York, NY, USA, 2022.

Association for Computing Machinery.

[29] Arunesh Mathur, Arvind Narayanan, and Marshini Chetty. Endorse-

ments on Social Media: An Empirical Study of Affiliate Marketing Dis-

closures on YouTube and Pinterest. Proceedings of the ACM on Human-

Computer Interaction, 2(CSCW):1–26, November 2018.

[30] Ruchi Mishra, Rajesh Kumar Singh, and Bernadett Koles. Consumer

decision-making in omnichannel retailing: Literature review and future

research agenda. International Journal of Consumer Studies, 45(2):147–

174, 2021.

56



[31] European Parliament and Council of the European Union. Directive

2005/29/ec of the european parliament and of the council of 11 may

2005 concerning unfair business-to-consumer commercial practices in the

internal market (”unfair commercial practices directive”), 2005. OJ L

149.

[32] R.D. Petty. From puffery to penalties a historical analysis of us masked

marketing public policy concerns. Journal of Historical Research in

Marketing, 5:10–26, 2013.

[33] Telmo Pires, Eva Schlinger, and Dan Garrette. How multilingual is mul-

tilingual BERT? In Anna Korhonen, David Traum, and Llúıs Màrquez,
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