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Resumo

Este trabalho analisa conteúdo patrocinado e estratégias de monetização no contexto
de marketing de influência no Instagram, uma rede social do Facebook voltada para o
compartilhamento de fotos e videos. Coletamos uma base de dados de larga escala, con-
tendo cerca de 5 anos de conteúdo disponível publicamente de influenciadores digitais
no Instagram.

Definimos métricas quantitativas para medir a performance de uma estratégia de
patrocínio no engajamento com usuários, bem como apresentamos análises do compor-
tamento dessas métricas ao longo do tempo em diferentes grupos de influenciadores,
agrupados por número de seguidores. Para isso, definimos também um conjunto de
características de estratégia semanais que descrevem o comportamento de postagem de
um influenciador. Além disso, implementamos uma metodologia baseada em hashtags
para detecção de tópicos em posts, de forma a entender o comportamento de tópicos e
tendências no Instagram, e se influenciadores podem se utilizar de tendências globais
para aumentar o seu alcance e, consequentemente, sua receita. Em particular, anal-
isamos como a variação na quantidade de conteúdo patrocinado se correlaciona com o
crescimento no número de curtidas e comentários semanalmente.

Um dos resultados das nossas análises diz que um aumento no número de
propagandas por semana pode impactar negativamente o engajamento do usuário,
independente da quantidade de seguidores de um influenciador. Além disso, algumas
características que, tipicamente, estão fora do controle de um influenciador, como
alinhamento com tendências globais, se mostrou altamente correlacionada com enga-
jamento de audiência. Do lado positivo, nossa análise revelou que existem estratégias
que podem ser controladas pelo influenciador e que são capazes de mitigar este impacto
negativo, como o ajuste da frequência de postagem, e tamanho do texto. Ademais,
o uso estratégico de hashtags específicas de um tópico, não necessariamente aqueles
que são tendências globais, se mostraram tão importantes quanto o alinhamento
com tendências globais. Nossos resultados esclarecem alguns pontos relacionados a
estratégias para melhorar o engajamento do público e o desempenho de estratégias de
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monetização em plataformas de mídia social online.

Palavras-chave: Redes sociais online, propaganda na internet, marketing de
influência, Instagram.
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Abstract

This dissertation focuses on the analysis of sponsored content and ad placement strat-
egy in the context of influencer marketing on Instagram, a photo and video-sharing
social network owned by Facebook Inc. We have collected a large scale dataset of In-
stagram influencer profiles, spanning 5 years, comprised of publicly available data from
influencer’s public profiles.

We define quantitative metrics to measure a strategy’s performance on user en-
gagement, as well as analyze the behavior of those metrics over time in different influ-
encer groups, grouped by size. For this, we also define a set of distinct weekly strategy
features that describes how an influencer is posting. Moreover, we also implement a
simple hashtag-based methodology to detect topics on posts, in order to shed a light
on topics and trends on Instagram and whether influencers can make use of global
tendencies in order to boost its reach and, consequently, its income. In particular,
we analyze how the variation in the amount of sponsored content correlates with the
growth in the number of likes and comments on a weekly basis.

One of the negative results of our analysis is that an increasing number of ads per
week can impact audience engagement negatively, no matter the size of an influencer’s
follower base. Moreover, some features that typically are beyond the influencer’s
control, such as alignment with global topic trends, has proven to be highly correlated
with audience engagement. On the positive side, our analysis revealed that there are
strategies within the control of the influencer that might mitigate this negative effect,
such as adjustment of the posting frequency and text length, as well as smart usage
of mentions. Moreover, the strategic usage of hashtags within specific topics, not nec-
essarily those that are globally trending, has proven to be equally as important as the
alignment with global trends. Our results shed light on strategies to boost audience en-
gagement and performance of monetization strategies on online social media platforms.

Keywords: Online social networks, internet advertisement, influencer market-
ing, Instagram.
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Chapter 1

Introduction

Internet advertising has been growing steadily for years. In 2020, around US$ 374
billion are expected to be spent on digital advertising, out of which US$ 105 billion are
expected to be spent in social media advertising alone, a share of 28%.1

Online ads are more effective and easily measured than traditional media, and
few businesses can now do without ads that are bought in an automated fashion using
algorithms. The technique allows brands to follow internet-goers wherever they spend
time and direct ads specifically at them.

Online social media platforms are especially attractive for advertising because
they gather data on users’ demographics, consumption patterns, and interests, which
allows ads to be aimed at them with unprecedented accuracy. To bring the most out
of the ability to target consumers precisely on social media, advertisers are changing
their campaigns fundamentally. Instead of creating a single and broad message to be
displayed on television, radio, or newspapers, they are producing many variations on
a theme, matching each to the subset of consumers they judge most likely to respond
to it. Online advertising in social media has become such a big phenomenon, that
the Federal Trade Commission [2019] of the United States of America has created
guidelines on how to comply with the law when endorsing brands or products. In this
context, influencer marketing is a relatively new form of advertising, in which a social
media user with a large and engaged following is paid to post on social media with or
about a brand or products. Influencer marketing is especially popular on Instagram.

Instagram is a photo and video-sharing social networking service, launched in
2010, and acquired by Facebook Inc. in 2012. According to Klear Influencer Marketing
[2019], in 2018 Instagram reached one billion users with 500 million monthly active

1www.statista.com/outlook/216/100/digital-advertising/worldwide

1

www.statista.com/outlook/216/100/digital-advertising/worldwide


2 Chapter 1. Introduction

users2, and influencer marketing grew by 40%. As of May/2020, there have been over
11 million posts with the #ad hashtag3.

Brands seek to reach Instagram audiences as users of the social network show
high engagement rates with the displayed content. Industries for Instagram branded
partnerships span various segments, Lifestyle and Fashion being the leading ones. Ex-
amples of prominent brands on the social platform include Lego, a Danish line of plastic
construction toys, with almost 4M followers, and Shiseido, a Japanese line of beauty
products, with over 360K followers. Instagram’s own user account is the most followed
account on the platform, having over 344 million followers.

Although there isn’t a strict guideline on how to calculate a price for posts on
Instagram, the monetary value of a sponsored post is typically estimated based on user
engagement, which is a function of the number of interactions (likes and comments)
with the posts, and the number of followers of the poster. For example, a post by
the footballer Cristiano Ronaldo, who is the most-followed individual on Instagram,
with more than 214 million followers, has an estimated average value of US$735,3864.
Analysis and management of Instagram business accounts has emerged as a business
of its own, providing design tips about how to boost engagement5.

Instagram allows influencers to post about virtually anything, ranging from fash-
ion and beauty to sports, food, and lifestyle. Users align themselves with and follow
influencers mostly by what they post. In this context, a topic can be defined as a
major subject users post about. These topics can be identified by the visual contents
of the posted content, as well as the textual content that accompanies it. Some topics
are more explored than others, while some can be more popular, attracting more view-
ers. Klear Influencer Marketing [2019] has shown, for example, that Fashion, Travel,
Fitness, and Beauty are the leading influencer categories, making up to 16% of the
industry that has partnered with influencers on Instagram in 2019. There are also
those topics that can be highly seasonal, like Christmas, New Year’s Eve, and Sum-
mer, attracting users and influencers alike only during specific periods throughout the
year.

Unlike some other online social networking platforms, such as Twitter, Instagram
data is not entirely publicly available and notably hard to collect, requiring a long and
expensive crawling process Segev et al. [2018]. Therefore, research studies based on
Instagram data are relatively scarce. There have been a few characterization studies,

2As of January 2019, 120 million monthly active users are form the US, 75 million are from India,
and 69 million from Brazil. These 3 countries are the top ranked with the most Instagram users

3www.instagram.com/explore/tags/ad/
4www.statista.com/statistics/779263/most-followers-instagram-athletes-post-value
5klear.com, iconosquare.com

www.instagram.com/explore/tags/ad/
www.statista.com/statistics/779263/most-followers-instagram-athletes-post-value
klear.com
iconosquare.com


1.1. Motivation 3

such as the one conducted by Segev et al. [2018], some works applying image processing,
presented by Jang et al. [2015]; and others addressing influence prediction, such as the
work introduced by Pal et al. [2016].

1.1 Motivation

Ever since the introduction of social networks, companies and brands have begun using
tools to better reach audiences and increase their revenues. Meanwhile, a whole new
category of professions has emerged, such as influencers and social media celebrities.
The growth of this new area of marketing has been highly organic and the understand-
ing of user behavior is, sometimes, strongly based on empirical experience.

Our motivation is reaching a better understanding of sponsored content on so-
cial media, specifically, on Instagram. Whilst companies and brands are interested in
reaching the higher possible audience keeping minimal costs, social media users should
be aware of how this type of content affects their followers and to which extent it poses
a threat to its overall audience.

1.2 Goals

In this work, we focus on the characterization of sponsored content and the analysis of
its impact on user engagement in the context of influencer marketing. We seek answers
to questions, such as:

• How can we measure the impact of sponsored content placement or monetization
strategies on audience engagement with the profile of an influencer on Instagram?

• How can this (positive or negative) impact be optimized?

• Which factors are relevant to the success of an influencer over time? What kind
of control does the influencer have over them?

• How do different topics and global trends impact an influencer’s monetization
strategy success over time? Can influencers leverage these trends to boost their
audience engagement?

Monetization on Instagram is highly connected to the posting of sponsored con-
tent, recommendation of brands and products, and paid partnerships. By monetization
strategies, we mean the different usages of these tools in order to not only boost user
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engagement, but also potentialize the reach and consumption of the advertised product
or service.

With these goals, we aim to understand how and when it is interesting for a
given influencer to make use of advertisement content for monetization and when it
is not. Our results are a first step towards understanding how (disclosed) sponsored
content impacts user engagement on Instagram. They might provide guidelines for
advertisement strategies for influencers to increase influence and income from sponsored
content over time in a sustainable manner. Moreover, our study also sheds a light on
topic posting behavior and subject trends on Instagram, and if and how influencers
can make better use of global trends in order to boost reach and, consequently, profit
with their profiles. In addition, there might be several ways to measure success of
a monetization strategy. One obvious way is the direct return a sponsored content
caused for a product or service. In this work, we focus on analyzing the success on a
influencer’s perspective, by looking at the numbers and variations of the engagement
with the influencer’s profile.

1.3 Contributions

Our contributions are the following. Firstly, we collected a dataset, comprised of over
three million posts, created by over seven thousand influencers, that posted at least one
sponsored post, disclosed by the use of specific ad-related hashtags, between December
2018 and May 2019. In the referred period, the total number of likes and comments
was information publicly available for all (public) posts on Instagram, so we were able
to collect and use them in our analysis.

We have performed a characterization of this dataset, in regards to aspects related
to sponsored content. We analyzed when and how frequently advertisement posts ap-
pear in influencers’ posting timelines and how different monetization strategies (which
might include both sponsored and regular posts) impact audience engagement. We
estimate audience engagement based on the number of likes and comments received by
each post in a user’s timeline.

We also analyze trends on Instagram. Based on hashtag usage, we group our
dataset into different topic categories, such as fashion, beauty, lifestyle, sports, etc, as
well as into seasonal categories, such as Christmas, Summer, Black Friday, Halloween,
etc. We study popularity and audience interaction trends according to the topics to
which each post belongs to. To do that, we present a methodology that uses hashtags
for detecting topics on Instagram posts.
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We also explore the distribution of topics posted about on Instagram and their
behavior in time, as well as analyze the usage of specific hashtags and exploring of
trendy topics and how they influence a strategy’s performance. With this, we aim to
understand how different trends and seasonal events are used in regards to sponsored
content and how influencers might benefit from global, local, and seasonal trends to
achieve higher reach and engagement.

Secondly, based on the information collected about each post and influencer pro-
file, we propose quantitative metrics to measure the success of sponsored content place-
ment strategies over time. To elaborate these metrics, we used information that was
publicly available at the time of collection, such as time of posting and number of likes
and comments of a post, as well as the number of followers of an influencer. With
this, we were able to inspect the behavior of different posting strategies in time and
compare their respective performance.

Thirdly, we analyze how these metrics correlate with different factors, such as
posting volume, ad frequency, assignment of hashtags, time of posting, number of
followers, and usage of trendy topics and hashtags. In particular, we analyze how
the global popularity of each topic and hashtag on Instagram impacts the popularity
of individual posts and influencer profiles. For example, fashion has proven to be
the most posted-about topic, both in terms of number posts and the number of users.
Other highly popular topics include fitness, beauty, food, and travel, which are popular
throughout the entire timespan of our dataset. Nevertheless, some seasonal events
boost interest in other topics, such as summer, winter, and specific holidays, such as
Christmas, New Year’s Even, and Mother’s Day. Our analysis showed that leveraging
those global trends can have an impact on strategy performance.

Lastly, we compare the relative importance of different features to the prediction
of the performance metrics, i.e., whether it impacts user interaction positively or neg-
atively, and whether the grows, decays, or remains in stagnation, in terms of audience
engagement over time. One of the objectives of our analysis is to understand to which
extent an influencer can influence the growth of their own influence, in terms of pro-
file’s popularity and audience engagement with their posts, over time. We distinguish
between features controlled by the user, such as posting frequency, text length, and
usage of hashtags of each post, from features beyond the user’s control, such as the
number of followers and the global popularity trends of different topics on Instagram.
In particular, we analyzed if a post is aligned with some globally trending topic and
if it uses some trending hashtags within the influencer’s topic of choice. Our results
revealed that both aspects are equally and significantly important to the success of a
post, even though the former is typically hard to predict, while the latter can be more
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easily adjusted and exploited by the influencer.
The results presented in this dissertation are part of the following papers:

• Oliveira, L., Goussevskaia, O. (2020). Sponsored content and user engagement
dynamics on Instagram. In Proceedings of the 35th ACM/SIGAPP Symposium
on Applied Computing (SAC’20).

• Oliveira, L., Goussevskaia, O. (TBD) Influencer marketing: topic trends and
user engagement on Instagram. Submitted to the 2020 IEEE/WIC/ACM Inter-
national Joint Conference on Web Intelligence and Intelligent Agent Technology
(WI-IAT’20). [Under review]

1.4 Dissertation outline

This dissertation is organized as follows:
Chapter 2 briefly reviews research efforts on influencer marketing and Instagram

from different perspectives. First, we discuss efforts related to online advertisement
over different media sources. Second, we present some studies addressing online adver-
tisement perception. Third, we present a few results regarding Instagram data analysis.
Fourth, we present some miscellaneous work on Instagram data. Then, we present some
researches focusing on the problem of topic modeling in short-text and on Instagram.
Finally, we present our conclusions and comparisons between previous efforts and our
work.

Chapter 3 presents our methodology for data collection, preprocessing, and anal-
ysis. We also introduce an initial overview of the collected dataset along with two dif-
ferent subsets of the collected dataset: the Posts dataset and the Influencers dataset.
We, then, present some limitations of our collected data.

In Chapter 4, we propose quantitative metrics to analyze user engagement and
monetization strategy impact. We also present our methodology for user grouping.
Moreover, we also introduce our methodology for defining the time granularity used
throughout the entire work.

Chapter 5 introduces our hashtag-based methodology and our efforts in detect-
ing topics on Instagram. Likewise, we also introduce a few metrics to quantify topic
engagement over time, as well as the detection of global and seasonal trends.

Chapter 6 presents a characterization of the collected dataset, following three
main axes: the Posts dataset, presenting analysis related to the posts contained in the
data, especially in regards to user engagement, the impact of hashtag usage and ad



1.4. Dissertation outline 7

placement strategies; the Influencers dataset, presenting our efforts in characterizing
the influencers in the collected data, with information such as size, the number of
posts, likes, comments and the performance metrics for each different user group; and
a section analyzing Hashtag usage, Topics, and Trends, in which we try to quantify and
identify trends on Instagram, by leveraging the set of hashtags of the posts dataset.

In Chapter 7, we analyze the correlation between different features present in
our data with the proposed success and impact metrics. We also use machine learning
techniques to quantify the relative feature relevance in the prediction of an ad placement
strategy performance. Moreover, we also present a discussion about features that can
be tweaked by the users versus features beyond the influencer’s control.

Finally, Chapter 8 concludes the dissertation and discusses directions for future
work.





Chapter 2

Related Work

In this chapter, we review the literature in five different contexts. First, we present
research efforts in describing and understanding the online advertisement phenomenon.
Secondly, we discuss some efforts in targeting online advertisement perception. Thirdly,
we explore works focusing on Instagram data analysis. Next, we introduce some efforts
in topic modeling on short texts on Instagram. Finally, we present the concluding
remarks.

2.1 Online advertisement

Research addressing online advertisement has been conducted with different perspec-
tives and approaches. An early study regarding online advertisement was performed
by Shatnawi and Mohamed [2012]. In this work, the authors present an overview of
online advertisement selection and summarize the main technical challenges and open
issues in this field. The paper investigates most of the relevant existing approaches
carried out towards this perspective and provides a comparison and classification of
these approaches. More specifically, the researchers explore three categories of internet
advertising (sponsored search, contextual matching, and shopping websites advertis-
ing), and provide an extensive comparative study of the existing approaches in these
categories.

With the emergence of the internet, online advertisement on these platforms has
become especially attractive because it made it possible to gather data on users’ demo-
graphics and consumption patterns, allowing ads to be targeted with unprecedented
accuracy. In this context, Cramer [2015] conducted a study on native advertisements,
which are those types of ads that are highly cohesive with a platform’s normal content.
The authors conducted an experiment to analyze the perceived quality of native ads

9
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in relation to the website’s overall quality. The authors concluded that, even though
native ads had high perceived quality, they still tend to hurt the perceived quality and
credibility of a website.

Still in the context of native advertisement, Koutsopoulos and Spentzouris [2016]
presented a methodology for optimal native ad selection and allocation in social media
post feeds, by proposing a mathematical formulation for optimizing a metric which
combines (i) platform expected revenue, and (ii) uncertainty in revenue. In this work,
the authors argue that in native advertising, the ad click probability may depend on
three things: (i) relevance (i.e. context similarity) of the ad to preceding posts, (ii) the
distance between consecutively shown ads, and (iii) the position of the ad in the stream.
Following the proposal of the model and mathematical formulation, the researchers
show that the problem above is an instance of a resource-constrained minimum-cost
path one on an appropriately defined directed acyclic graph. The solution path reflects
the policy of selecting which ads to show in the feed (out of a given set of ads), and in
which positions to place them.

Ever since the introduction of online advertisement, it has become the main
source of income for many companies and professionals. Likewise, systems in which
sponsored content is integrated into, are developing solutions to maximize advertise-
ment efficiency and, consequently, ad revenue. Being so, some studies, like the one
presented by Wang et al. [2019], propose strategies for revenue maximization in spon-
sored search. The authors present two innovative metrics to evaluate the ads ranking
model’s performance and prove that optimizing the proposed metrics is approximately
equivalent to maximizing expected revenue. The paper presents some experiments
on real-world platforms to show that the proposed methods perform better than the
state-of-the-art methods.

Another research effort in understanding online advertisement was conducted by
Loude [2017]. This work focused on analyzing two different factors to recognize influ-
encer marketing on Instagram: Instagram use and types of disclosure; and the effects
of unethical disclosure practices on the user’s perceived value of the advertisement.
The study found that Instagram use and ambiguous disclosure can impact the recogni-
tion of influencer marketing, while unethical disclosure practices may not have a direct
effect on brand attitudes and advertising value.

Evans et al. [2017] examined the effect of disclosure language on ad recognition,
brand attitude, purchase intent, and sharing intention among students. The results
indicate that disclosure language containing the text “Paid Ad" affect positively the ad
recognition, which subsequently interacted with participants’ memory of disclosure and
mediated the effect of disclosure language on attitude toward the brand and sharing
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intention.

Online advertising is being used extensively by multiple industries and companies.
Still, there are some drawbacks. Pinder [2017] conducted a study in understanding and
stimulating a discussion about the need for and possible incarnations of anti-advert
technology. The authors argue that advertisers are increasingly using pervasive and
non-conscious routes to emotionally manipulate people, and present a discussion about
design and ethical issues in giving users tools to counteract emotionally manipulative
ads.

2.2 Online advertisement perception

As well as traditional advertisements, such as television, newspaper, and radio, online
advertisement also has the purpose of targeting potential consumers and inducing a
consumption intent. Given the increased reach of online advertisement, this poses
some interesting opportunities, as well as some challenges. While, as stated before,
online ads can be targeted with high accuracy and velocity, an early report by Lithium
Technologies [2016] stated that about 56% of millennials were decreasing or stopping
social media usage due to the advertisements in their news feed. In this context, some
studies have been conducted in understanding online advertisement perception and its
impact on users.

Mathisen and Stangeby [2017] studied how users perceive ad content on Insta-
gram. They conduct two different studies to determine which attributes in an ad, users
notice and favor. The first study is an exploratory study utilizing qualitative cognitive
mapping to address the key attributes for ad evaluation, while the second study tests
overall ad evaluation using conjoint analysis to determine which attributes have the
largest positive and negative effects. The research found that brand, endorser, and ad
type (native obvious) all predict ad effectiveness and purchase intention.

Some studies analyzed how online targeted advertising platforms can have a neg-
ative impact by being intrusive (Zhao et al. [2017]), offensive (Zhou et al. [2016]),
or by discriminating against users belonging to sensitive groups, i.e., excluding users
belonging to a particular race or gender from receiving their ads (Speicher et al. [2018]).

In Zhou et al. [2016], the researchers explored the notion of ad quality from the
user’s perspective. The authors argue that providing a good user experience with the
served ads is crucial to ensure long-term user engagement. They developed a framework
to predict the quality of native ads and concluded that to quantify ad quality, the
offensive ad rate, as informed by the user, is more trustworthy than the commonly
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used click-through rate metrics. They also show that the developed model is efficient
in the detection of offensive advertisements.

Following the same line of work, Zhao et al. [2017] adopted a hedonic/utilitarian
approach to explore which brand type is more popular on Instagram, and what kind of
Instagram sponsored ad is more effective in terms of causing less perceived intrusive-
ness and driving higher consumer engagement intentions. Moreover, the study exam-
ined if the match between brand and sponsored ad with regard to hedonic/utilitarian
attributes primacy could lead to more desirable marketing outcomes. The authors
concluded that perceived advertising intrusiveness have a negative influence on con-
sumers’ engagement intentions on Instagram, and revealed that perceived intrusiveness
was negatively associated with all the proposed positive consumer responses, while also
being positively associated with consumers’ avoidance of sponsored content.

Another research effort in evaluating the perception and recognition of sponsor-
ing on social media was conducted by De Jans et al. [2020]. In this paper, the authors
present an experimental study to examine whether or not the source of the sponsored
content, which can be endorsed by the brand itself or by a social media influencer
who has been compensated to promote the brand, plays a crucial role in determining
advertising effectiveness among adolescents. The results revealed that influencer posts
lead to higher brand liking, whereas brand posts lead to higher brand awareness. Fur-
thermore, influencers are more greatly admired, whereas brands are perceived as more
credible.

There have also been some efforts in understanding the downside of online adver-
tisement, such as ad transparency (Andreou et al. [2018]) and discrimination in online
targeted advertising (Speicher et al. [2018]).

Given the rise in privacy concerns that targeted advertising has been subject
to, social media platforms, such as Facebook Inc., have developed some transparency
mechanisms. In the context of Facebook, Andreou et al. [2018] investigate the levels of
transparency provided by two of Facebook’s mechanisms to increase transparency in
its platforms. The researchers define several key properties of explanations and then
evaluate empirically whether Facebook’s explanations satisfy them. Their results have
shown that ad explanations are often incomplete and sometimes misleading while data
explanations are often incomplete and vague.

Apart from the privacy and transparency issues, the possibility of meticulously
targeting advertisements to specific audiences has also risen other issues, such as the
discrimination against sensitive groups. Facebook Inc., for example, was targeted with
an intense media criticism and civil rights lawsuits, for allowing advertisers to discrim-
inate against users belonging to sensitive groups, by excluding users belonging to a
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certain race or gender from receiving their ads (Angwin and Parris Jr. [2016]). Such
criticism has led Facebook to develop mitigations to prevent advertisers from creating
discriminatory ads on its platform (Facebook [2017]).

This exact phenomenon, and its implications, were studied by Speicher et al.
[2018]. The authors argue that discrimination measures should be based on the tar-
geted population and not on the attributes used for targeting, and question whether
the mitigation strategies applied by Facebook are, in fact, sufficient. For this, the
paper presents an investigation of the different targeting methods offered by Facebook
for their ability to enable discriminatory advertising. The researchers have shown that
malicious advertisers can create highly discriminatory ads without using sensitive at-
tributes.

2.3 Instagram data analysis

Instagram is a photo and video-sharing social networking service, launched in 2010.
It has over 1 billion users with 500 million monthly active users. This platform is
extensively used by companies and brands to advertise products and services. The
amount of data produced daily on Instagram is huge, with over 100 million posts being
uploaded daily1. This has led to several research efforts in understanding Instagram
usage and impact, as well as studies using Instagram data.

An early quantitative analysis of Instagram data was performed by Araújo et al.
[2014]. In this work, the authors investigate user practices in Instagram, based on a
dataset comprised of 1.265.080 publicly accessible photos and videos posted by ordi-
nary and popular Instagram users. Some of the results have shown that, for instance,
users tend to concentrate their posts during the weekend and at the end of the day.
Furthermore, people tend to endorse photos with many likes and comments, inducing
the rich get richer phenomenon.

Another early work on Instagram data was presented by Ferrara et al. [2014], in
which the authors collected a dataset comprised of all posts uploaded by 2100 users,
and investigate three major aspects on this dataset: (i) the structural characteristics of
its network of heterogeneous interactions, to unveil the emergence of self-organization
and topically-induced community structure; (ii) the dynamics of content production
and consumption, to understand how global trends and popular users emerge; (iii)
the behavior of users labeling media with tags, to determine how they devote their
attention and to explore the variety of their topical interests. Their work provides clues

1www.omnicoreagency.com/instagram-statistics/
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to understand human behavior dynamics on socio-technical systems, such as users and
content popularity, the mechanisms of users’ interactions in online environments, and
how collective trends emerge from individuals’ topical interests.

A more recent and extensive analysis of Instagram usage was conducted by Klear
Influencer Marketing [2019]. According to the report, in 2018 Instagram reached one
billion users with 500 million monthly active users2, and influencer marketing grew
by 40%. As of May/2020, there are over 11 million posts with the #ad hashtag3.
This study uses a dataset of 2 million Instagram sponsored posts that included #ad
hashtags, between January and December 2018. Some of the presented statistics sup-
port that brands prefer micro-influencers, i.e., users with relatively few followers, but
high engagement, over celebrities with large follower bases but relatively low audience
engagement.

Another recent study focuses on the problem of scoring and ranking influential
users on Instagram (Segev et al. [2018]). For the purpose of this study, a set of In-
stagram data, with a total of 940.439 posts by 115.044 Instagram users, was collected.
Among the millions of users, this work has shown that photos shared by more influen-
tial users are viewed by more users than posts shared by less influential counterparts.
The authors raise the question of how to identify those influential Instagram users. To
address the issue, the paper discusses the lack of relevant tools and insufficient metrics
for influence measurement, presents a network-oblivious approach, arguing that graph-
based approaches used in other OSNs are a poor fit for Instagram, due to the absence
of such graphs, and because building them for Instagram users requires a great deal of
resources, e.g., crawling time and computing costs.

In Pal et al. [2016], the authors present a novel methodology for discovering
topical authorities on Instagram. The authors affirm that while the large volume of
user-generated content is the application’s notable strength, it also makes the prob-
lem of finding authoritative users for a given topic quite challenging. The paper also
argues that discovering topical authorities might lead to better and more relevant rec-
ommendations for users, as well as aid in building a catalog of topics and top topical
authorities in order to provide a solution to the cold-start problem, which is a problem
recommendation algorithms face when providing recommendations to new users. Since
the algorithms have little to no inputs about new users, the recommendations are typ-
ically broad and generic. To tackle this issue, the researchers present the Authority
Learning Framework (ALF) to find topical authorities on Instagram. This framework is

2As of January 2019, 120 million monthly active users are form the US, 75 million are from India,
and 69 million from Brazil. These 3 countries are the top ranked with the most Instagram users

3www.instagram.com/explore/tags/ad/

www.instagram.com/explore/tags/ad/
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based on the self-described interests of the follower base of popular user accounts. The
authors also perform experiments that demonstrate that ALF performs significantly
better at user recommendation task when compared to fine-tuned and competitive
methods.

Another recent research effort went in a quite different direction than the afore-
mentioned works. Song et al. [2020] have performed a study focusing on emotional
analysis and classification model development. This study is based on a large-scale
dataset of 120.000 images, reflecting posters’ emotions. The researchers develop color
and content-based emotion classification models by considering: (i) the dynamics of
SNS, in terms of the volume and variety of images shared, and (ii) the fact that people
express their emotions through colors and objects. The paper results demonstrate the
comparable performance of the proposed model with models proposed in prior studies
and discuss its applications and limitations.

2.4 Topic modeling on Instagram

Topic detection on social media has also been extensively studied by researchers. This
task is especially challenging on short texts, due to their less semantic information and
high sparseness.

An early effort has been made by Zhao et al. [2011], in which they propose
the Twitter-LDA method for topic modeling on short texts. The researches aimed at
empirically comparing the contents of Twitter with a traditional news medium, the New
York Times, using unsupervised topic modeling. For this task, since standard LDA
may not work well with Twitter because of the short size of tweets, the paper proposes a
new approach, so-called Twitter-LDA, and showed its effectiveness in extracting topics
from short texts, in comparison with previous models.

Another effort in short-text topic modeling and text classification has been made
by Chen et al. [2016], where they develop a short text classification method based on
the Latent Dirichlet Allocation model and K-Nearest Neighbor algorithm. The au-
thors argue that the probabilistic topics generated by the LDA model help make the
texts more semantic-focused and reduce its sparseness. They also present a novel topic
similarity measure method with the topic-word matrix and the relationship of the dis-
criminative terms between two short texts. The paper also presents some experiments
showing the effectiveness of their proposed model.

Some studies also focused on topic modeling as an alternative way for image
annotation on Instagram. Argyrou et al. [2018] have used Latent Dirichlet Allocation
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(LDA) model to discover latent topics in a collection of Instagram hashtags of a specific
subject and quantify the topic similarity by calculating topic coherence. The authors
argue that since a topic is composed of a set of related terms, the identification of
the visual topic of an Instagram image, through their proposed method, provides a
plausible set of tags to be used in the context of training automatic image annotation
methods.

In yet another study, Giannoulakis and Tsapatsoulis [2019] explored hashtag fil-
tering on Instagram. The authors have shown that the application of a modified version
of the hyperlink-induced topic search (HITS) algorithm, in a crowd-tagging context,
provides an effective way for finding pairs of Instagram images and hashtags, leading
to more representative and noise-free training sets for content-based image retrieval.

2.5 Concluding remarks

In this chapter, we have presented several studies addressing online advertisement, as
well as Instagram data analysis.

Our work pursues a similar objective as the one performed by Mathisen and
Stangeby [2017], but it differs because we focus not on the perception of ad content,
but on the impacts of sponsored content on influencers’ profile. For this task, we have
used a similar strategy for data collection as the one presented by Klear Influencer
Marketing [2019], in which posts were collected by using the #ad hashtag. In our work,
we have included more ad-describing hashtags, which also included posts for Brazilian
influencers. Our research also differs from the aforementioned related work, as we
perform a quantitative analysis of how sponsored content and monetization strategies
can affect audience over time, in the context of influencer marketing.

In terms of advertisement perception, we focus our efforts on analyzing the im-
pact of monetization strategies on the engagement with the influencers’ own follower
base. While previous works have focused on the impact of advertisement content on
consumer’s perception and engagement, we focus our analysis on understanding the
impact on the engagement with the poster’s profiles.

Regarding topic detection on short-texts, more specifically, on Instagram, our
proposed methodology differs greatly from the works presented in the previous section.
We propose a hashtag-based methodology, combined with a hierarchical clustering
algorithm.

We also present a discussion related to features within and beyond influencer’s
control, and how influencers can leverage seasonal trends to boost its monetization
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strategy performance.
To the extent of our knowledge, this is the first in-depth study of the relationship

among sponsored content placement, global topic trends, and audience engagement on
Instagram. We hope our result might provide a first step towards understanding how
(disclosed) sponsored content and topic trends impact user engagement on Instagram,
as well as providing guidelines for advertisement strategies for influencers to increase
influence and income from sponsored content over time in a sustainable manner.





Chapter 3

Instagram Sponsored Content
Dataset

In this Chapter, we describe the dataset used for the analyses performed in this work.
Section 3.1 presents the steps taken to collect e pre-process the dataset. In Section 3.2,
we present an overview of the collected dataset, with details such as size and features.
Finally, in Section 3.3, we present some limitations of the collected dataset.

3.1 Data collection

Due to API limitations, the public timeline of Instagram users is not easily accessible.
Instagram’s Private License, which is used to interact with a user’s private account,
does not provide access to any other user’s profile data unless explicitly authorized by
the profile’s owner. Therefore, we built a web crawler in Python to access the data
publicly available from Instagram’s desktop web page.

Our data collection was comprised of three main phases:

1. Collection of the most recent posts containing ad-related hashtags: #ad,
#sponsored, #publi, and #patrocinado (the latter two are commonly used in
Brazil to disclose ads): in this step, we crawled the search result’s page of Insta-
gram, when searching for the 4 different ad-related hashtags mentioned above1.
This page presents the top and most recent posts containing that specific hashtag.

2. Selection of influencer profiles, associated with the posts collected in phase (1):
in this phase, we extracted the set of influencers that created the posts collected

1The search result page for the #ad search, for example, can be found on https://www.instagram.
com/explore/tags/ad/
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on phase (1). Out of those, we selected only those with at least 1000 followers,
resulting in a total of 7,583 distinct influencers

3. Collection of the 500 most recent posts of the selected influencers in phase (2):
in this final phase, we again crawled the public profiles of the 7,583 influencers
selected in phase (2), collecting the information of the 500 most recent posts by
each influencer, resulting in 3,450,733 posts.

The collection took place between December 2018 and May 2019. It is
interesting to note that, since July 2019, the information about the number of likes
and comments received by a post has become no longer publicly available on Instagram
in selected countries. Therefore, it has become significantly harder to collect a dataset
of this kind.

3.2 Dataset overview

After collection and pre-processing, we obtained two datasets, which we refer to as
Influencers and Posts. In the subsections below, we describe both datasets:

3.2.1 Influencers dataset

The Influencers dataset is comprised of 7,583 entries, with the following attributes.
For each influencer, we also collected the sequence of k ≤ 500 most recent posts.

• username: a unique name of the user profile on Instagram;

• biography: a free text field with a user provided short bio;

• #followers: the number of followers;

• mediacount: the number of posts ever posted by the user;

• posts: the sequence of k ≤ 500 most recent posts actually collected for the user
profile.

Based on these attributes, we also computed success metrics, as defined in Section
4.2, for each collected user profile u ∈ U .

Note that the influence dynamics metrics were calculated using only the k ≤ 500

most recent posts that were actually collected for each user.
We partitioned the set of collected influencers in three categories, according to

the size of their follower base:
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• Beginners: 1,000 ≤ #followers ≤ 10,000: These user profiles can be seen as
up and coming influencers, with a limited reach;

• Micro-influencers: 10,000 < #followers ≤ 100,000: User profiles with a fol-
lower base between 10.000 and 100.000 followers; Micro-influencers have a decent
number of followers and, thus, a high reach.

• Celebrities: #followers > 100,000: User profiles with a follower base higher
than 100.000 followers. Celebrities are those with a consistent and huge fol-
lower base. Celebrities are, usually, involved in the entertainment industry,
movies/television, or sports.

Out of the 7,583 entries in the Influencers dataset, 3,253 were tagged as
beginners, 3,323 as micro-influencers, and 1,007 as celebrities.

3.2.2 Posts dataset

The Posts dataset is comprised of the k ≤ 500 most recent posts owned by the in-
fluencers in the Influencers dataset, having a total of 3,450,733 posts, with the
following attributes:

• caption: the post’s textual content;

• caption_hashtags: hashtags included in the caption;

• caption_mentions: references to other user profiles mentioned in the post’s
caption;

• #likes: number of likes;

• #comments: number of comments;

• date_local: local date of posting;

• location: location of the post (not always available);

• owner_username: the owner of the post;

• url: URL of the post.

Based on these attributes, we computed the following features for each collected
post p ∈ P :
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• is_ad: flag to identify AD (sponsored) and NAD posts.

• I(p): interaction number, as defined in Section 4.2.

To classify a post as being sponsored (AD) or not (NAD), we searched, in every
post, for at least one of the ad-disclosing hashtags, listed in Section 4. We ended up
with 264.518 AD posts and 3.186.215 NAD posts.

It is interesting to point out that, in selected countries, the information about
the number of likes and comments received by a post has become no longer publicly
available on Instagram since July 2019, making a dataset of this kind even harder to
collect.

3.3 Dataset limitations

Due to the characteristics of our collection process, we were unable to obtain the
number of followers of a user profile at the time of publishing of a given post. Because
of this limitation, we were unable to use a more widespread metric, called engagement,
which is a function of the number of likes and comments of the post and the number
of followers of the poster, at the time of posting. Instead, we propose an alternative
metric of audience engagement (Sec. 4.2).

To characterize the ad placement strategy of an influencer, we analyzed how
the number of sponsored posts changed between consecutive weeks in an influencer’s
timeline. We chose a time granularity of one week because, using this time window, we
observed the most pronounced variation in the number of ads between consecutive time
windows (Sec. 4.1). Therefore, to filter out irregular activity, our analysis included
only influencer profiles with a minimum activity of three posts per week.

Our methodology for topic detection (as described in Sec. 5.1) is based on hashtag
usage and clustering methods. There are several other ways of detecting topics, such as
image processing and topic modeling. Consequently, our approach was able to detect
only a subset of all topics contained within Instagram, which include a wide range of
different topics and subjects that might not be included in the set of topics we have
detected.

Finally, we would like to point out that, when categorizing a post as a disclosed
sponsored post (AD) or a regular post (NAD), we certainly introduced a lot of false
negatives, given that we checked for a limited number of hashtags that typically dis-
close an advertisement (Chapter 4). Also due to the characteristics of our collection,
we were not able to identify posts that uses Instagram’s native paid partnership func-
tionality, since this information was not available in our crawler. As a consequence,
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many sponsored posts in our dataset have not been labeled as such, due to the exis-
tence of several alternative ways of disclosure, like paid partnerships or assignment of
other hashtags.





Chapter 4

Metrics

The problem of measuring ad impact can be addressed from different perspectives. In
the literature, metrics such as user satisfaction surveys and click-through-rate have
been used (Cramer [2015]). In this dissertation, we propose metrics, which can be
computed from publicly available information.

Consider the set of all collected posts, P , hashtags, H, and influencers, U . Each
influencer u ∈ U is associated with a sequence of posts posts(u) = (p1, . . . , pk), pi ∈ P ,
k ≤ 500. Each post p ∈ P is associated to a timestamp, number of likes, L(p) ≥ 0,
comments, C(p) ≥ 0, a set of hashtags, H(p) ⊂ H and a set of mentions M(p) (i.e.,
references to other users’ profiles). If the set H(p) contains one or more hashtags from
the set

#ADs = {#ad,#sponsored,#publi,#patrocinado},

then we say that type(p) = AD; otherwise, type(p) = NAD, i.e., not a disclosed adver-
tisement. In our dataset, we obtained a total of 264,518 AD posts and 3,186,215
NAD posts.

4.1 Time granularity

To analyze the context and impact of an ad placement strategy on influencer engage-
ment with the content generated on an OSN platform, such as Instagram, we need
to choose an appropriate time granularity, i.e., the length of time intervals into which
to partition the posting timelines in our dataset. We group posts that belong to a
particular time window, e.g., a day, a week, or a month, and study the relationship
between the ad placement strategy and the average number of interactions in that time
window.

25
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Essentially, we want to set a time window length to optimally capture strategic
behavior in terms of ad placement of each user. Since ad frequency is an essential
part of an ad placement strategy, the time window of our analysis should be at least
one week-long, as 86% of users post at most one AD post per week (see Figure 6.12).
On the other hand, the time window cannot be too long, so that changes in posting
behavior are not averaged out of the analysis.

On one extreme, the highest-granularity analysis would look at individual posts,
i.e., how an AD post affects the number of interactions with the following post in an
influencer’s timeline. A coarser granularity analysis would look at higher time intervals,
such as a quarter. Using too high or too coarse granularities, might not completely
capture an influencer’s posting strategy. Thus, the definition of an ideal granularity is
important for the upcoming analyses.

We used the following methodology to choose the size of the time window for our
analysis. For six different time windows w ∈ W ,

W = {1week, 2weeks, 1month, 2months, 3months, 4months},

we analyzed the variation in the number of AD posts within a time window over
time. More precisely, for each posting sequence posts(u), u ∈ U and each time window
w ∈ W , we considered a sequence of post subsets T (u, w) = (t1, . . . , tf ), with posts in
posts(u) grouped by the time window of their posting, in chronological order. There-
fore, if two posts {px, py} ∈ ti ∈ T (u, w), then px and py were posted in the same
time window, e.g., January 2019 if w = 1month. Moreover, if px ∈ ti ∈ T (u, w) and
py ∈ ti+1 ∈ T (u, w), then px was posted in the month preceding that of py’s posting.

Furthermore, for each time granularity w ∈ W , we computed the relative variation
in the number of AD posts in each pair of consecutive time windows (ti, ti+1) ∈ T (u, w),
and the average AD variation of an influencer, ∀u ∈ U , as follows:

∆AD(ti) =
|{p|p ∈ ti, type(p) = AD}|
|{p|p ∈ ti−1, type(p) = AD}| , 2 ≤ i ≤ |T (u, w)|

∆AD(u, w) =
1

|T (u, w)|− 1

|T (u,w)|!

i=2

∆AD(ti) (4.1)

In Figure 4.1 we can see the Cumulative Distribution Function (CDF) of the
absolute value of ∆AD(u, w) over all influencers u ∈ U and time windows w ∈ W .
We observe that the time window that maximizes the average variation in the number
of ads for most users is w = 1week (the bottom curve). In particular, 40% of users
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Figure 4.1: CDF of absolute value of ∆AD(u, w), u ∈ U , w ∈ W
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presented an average weekly ad variation of ≥ 5%, 20% of users presented a variation
of ≥ 10%, and 10% of users had a ≥ 15% average increase or decrease in the number
of ad posts in a week. Since we are interested in analyzing the context and impact of
ad placement strategies on audience engagement, we decided to perform our analysis
based on the time granularity of one week.

Having fixed the time granularity of our analysis, we refer to T (u, 1week) as the
timeline T (u) of influencer u ∈ U and partition each such timeline into three subsets
of weeks:

• AD+(u) = {w ∈ T (u)|∆AD(w) > µu + σu}: subset of weeks with a significant
relative increase in the number of ad posts;

• AD−(u) = {w ∈ T (u)|∆AD(w) < µu − σu}: subset of weeks with a significant
relative decrease in the number of ad posts;

• AD=(u) = {w ∈ T (u)|µu − σu ≤ ∆AD(w) ≥ µu + σu}: subset of weeks with no
significant changes in the ad posting strategy of user u ∈ U ;

where σu and µu are the standard deviation and mean values of the set {∆AD(w)|w ∈
T (u), u ∈ U}, respectively.
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4.2 Impact of ads on influence dynamics

To quantify the success of an individual post p ∈ posts(u), u ∈ U , we introduce the
following definition of post interaction number I(p)1:

I(p) = L(p) + C(p), ∀p ∈ P . (4.2)

Similarly, in order to measure the (estimated) success of an influencer u ∈ U , we
define the average, I(u), influencer number of interactions as follows:

I(u) =
1

|posts(u)| ×
!

p∈posts(u)
I(p), ∀u ∈ U , (4.3)

In order to measure the success of an influencer in terms of the number of com-
ments and likes, we define C(u) and L(u), replacing I(p) by C(p) and L(p) in (4.3),
respectively.

Similarly, we define I(h), the average number of interactions with a hashtag
h ∈ H, by computing the average number of interactions with posts p ∈ P|h ∈ H(p).

To measure the influence dynamics of an influencer over time, we define the
average weekly influencer interaction number as follows:

I(u, w) = 1

|w|
!

p∈w
I(p), ∀w ∈ T (u), u ∈ U . (4.4)

To account for the number of likes and comments separately, we define L(u, w)
and C(u, w), analogously.

To measure user engagement variation in a particular week wi ∈ T (u), in the
context of the timeline of an influencer u ∈ U , we define the weekly interaction variation,
as follows:

∆I(u, wi) =
I(u, wi)− I(u, wi−1)

max(I(u, wi−1), I(u, wi))
, 2 ≤ i ≤ |T (u)| (4.5)

where wi−1 is the previous week, relative to wi ∈ T (u), ordered chronologically. To
measure weekly variation in terms of the number of likes and comments separately, we

1Due to the lack of information about the exact number of followers of a user u ∈ U at the time
of posting a particular post p ∈ posts(u) or the number of post impressions, we do not use the widely
used measure of engagement, defined as the number of likes and comments received by p, divided
by the number of followers of u at the time of posting (https://theonlineadvertisingguide.com/ad-
calculators/instagram-engagement-rate-calculator/).
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use the notation ∆L(u, wi) and ∆C(u, wi), respectively. Based on eq. (4.5), we define
whether a week has been successful for influencer u ∈ U or not, as follows:

• Successful week w ∈ T (u), if ∆I(u, w) > 0;

• Unsuccessful week w ∈ T (u), if ∆I(u, w) < 0.

Finally, to measure the progress of the influencer interaction number over time,
we introduce the following definition:

∆I(u) =
1

|T (u)|
!

w∈T (u)

∆I(u, w), ∀u ∈ U . (4.6)

Assuming that an Instagram post’s success, or performance, can be inferred by
looking at its interaction number, the proposed metrics capture the variation in the
average interactions with posts between consecutive weeks in an influencer’s timeline.
With these metrics, we seek to understand if there is a correlation between shifts in ad
placement strategy and the performance of an influencer’s posting week.





Chapter 5

Topic detection and trend
measurement metrics

Instagram allows users to post about a variety of different subjects and topics. Among
influencers, some topics are more explored, such as fashion, beauty, and fitness. Dif-
ferent topics might attract different users with different consumption behaviors.

Topic modeling is a well-known problem in natural language processing. Per-
haps the most widely used topic modeling technique is the Latent Dirichlet Allocation
(LDA), proposed by Blei et al. [2003], which is used to find hidden topics in documents.
A topic might be a subject, like "arts" or "education", that is discussed in the doc-
uments. The original setting in LDA, in which each word has a topic label, may not
work well with short texts, such as Instagram posts and Twitter tweets. Thus, several
other approaches have been explored.

In the literature, different efforts have been made in order to detect topics in
short texts (Argyrou et al. [2018]; Giannoulakis and Tsapatsoulis [2019]; Zhao et al.
[2011]; Chen et al. [2016]). For this task, we used a simpler hashtag-based clustering
approach, which we describe in this section.

5.1 Topic detection

As stated previously in Section 3.2, our dataset is comprised of 3,450,733 different posts.
On every post, there is the possibility to include one or more hashtags, usually intended
to describe the contents of the post. Out of all posts, our data set contains 1,956,374
distinct hashtags. Since this is a free text field, there is a lot of noise in this data. In
fact, Argyrou et al. [2018] have concluded that only 20% of the Instagram hashtags
describe the actual content of the image they accompany. Figure 5.1 further explores

31
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Figure 5.1: CDF of number of users per hashtag
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this phenomenon. It is possible to see that around 70% of all hashtags contained in
our dataset are used by only one user.

To remove too specific hashtags and those with irregular usage, we filtered out
only those hashtags used by at least 100 users, throughout the entire time span of the
dataset. This filtering returned a total of 5,119 distinct hashtags, around 0.2% of the
original amount.

To identify similar hashtags, we used a clustering approach. For every hashtag
h ∈ H, we first calculated the co-occurrence between hashtag hi and every other
hashtag {hj ∈ H|i ∕= j}. After this procedure, we ended up with n vectors of co-
occurrence, where n is the number of distinct hashtags (5,119). We, then, calculated
the cosine similarity between every pair of vectors, defined as:

cos(θ) =
A · B

||A|| ||B|| =
"n

i=1 AiBi#"n
i=1 A

2
i

#"n
i=1 B

2
i

(5.1)

where Ai and Bi are the components of vectors A and B, respectively.
The final step in our topic detection methodology was to cluster similar hashtags

together, in order to identify groups of hashtags defining of topics. For this task, we fed
our similarity matrix to an agglomerative hierarchical clustering algorithm. According
to Rokach and Maimon [2005], in this method "each object initially represents a cluster
of its own. Then clusters are successively merged until the desired cluster structure is
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Figure 5.2: Hashtags per topic
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obtained". The merging of clusters is done according to a linkage criterion, that de-
termines the distance between sets of observations. Some examples of linkage criterion
are: single-linkage, complete-linkage, Ward’s criterion, etc. We used Ward’s criterion,
which minimizes the increase in variance for the cluster being merged, as proposed by
Ward and Joe [1963].

The result of a hierarchical clustering is represented as a tree (or dendrogram),
in which each leaf is a hashtag. We, then, chose a similarity threshold of 0.65 to cut
the tree at, returning the resulting clusters.

This procedure returned a total of 14 distinct and disjoint sets of hashtags. Out
of the 14 clusters, 13 were identified as a topic and 1 was tagged as garbage. The
13 topics were, then, manually tagged with respect to the hashtags contained in the
cluster. The set of 13 distinct topics is, thus, defined as T OPICS, which is a set of
sets of hashtags, grouped by similarity. Likewise, each topic ∈ T OPICS is associated
with a set of hashtags H(topic). Figure 5.2 shows the size of each topic, by number
of hashtags and its name. It is possible to see that the biggest groups are related to
fashion, fitness, and food, while the smallest ones are related to photography, discounts,
and winter.

Finally, we also identified the set of posts belonging to each topic, based on
hashtag usage. That is, for every topic ∈ T OPICS, we say that a post p ∈ P belongs
to that topic if |H(p) ∩ H(topic)| > 0, ∀p ∈ P , topic ∈ T OPICS. Note that there
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might be more than one topic per post. Of all 3.450.733 distinct posts, 1.000.356 were
tagged with at least one topic (28,9%).

Table 5.1 presents the number of posts and users after each processing step (re-
moval of unpopular hashtags and topic definition).

Table 5.1: Overview of the data cleaning results

Number of posts Number of users

Initial dataset 3.450.733 7.583
Dataset containing only popular hashtags 1.926.445 7.569
Dataset containing only posts with at least one topic 1.000.356 7.263

5.2 Topic performance measurement metrics

After defining the topics contained in our dataset, we can, then, identify which topics
are contained within each post and, similarly, we can find, for each topic, the set of
users posting about it. Thus, we define users(topic) and posts(topic) as the set of users
u ∈ U and posts p ∈ P that posted about this specific topic ∈ T OPIC, respectively.
We can also define topics(u) as the set of topics a user u ∈ U has posted about.

With these definitions, we introduce the following metrics:

I(topic) =
1

|posts(topic)| ×
!

p∈posts(topic)
L(p), ∀topic ∈ T OPICS, (5.2)

as the average number of likes of a specific topic.
Following the time window analysis presented in Section 4.1, we can also define

users(topic, wi) as the set of users posting about a specific topic on week wi ∈ T (topic).
Likewise, we can also define the same metric for individual hashtags, by replacing topic

by h ∈ H. Alternatively, we can also define topics(u, w) as the set of topics posted by
user u ∈ U in week w ∈ T (u).

We also wanted to identify trends in postings on each topic. A trend, which can
be positive or negative, can be defined as a change in the number of users posting
about a specific topic or hashtag, relative to a previous time window. Thus, we define
the following metric:

∆U(topic, wi) =
|users(topic, wi)|− |users(topic, wi−1)|

|users(topic, wi−1)|
, 2 ≤ i ≤ |T (topic)| (5.3)
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as the topic weekly variation in number of users.
Based on Eq. (5.3), we can also define whether a topic is trending positively or

negatively in a particular week, as follows:

• Positively trending topic ∈ T OPICS in w ∈ T (topic), if ∆U(topic, w) > 0;

• Negatively trending topic ∈ T OPICS in w ∈ T (topic), if ∆U(topic, w) < 0;

Finally, in order to measure the overall performance of a topic over time, we
introduce the following definition:

∆U(topic) =
1

|T (topic)|
!

w∈T (topic)

∆U(topic, w), ∀topic ∈ T OPIC. (5.4)

Equations (5.2), (5.3) and (5.4) can also be defined for individual hashtags, by
replacing topic by h ∈ H.





Chapter 6

Data characterization

In this section, we present a characterization, focused on sponsored content, of our
dataset, which we partition into two subsets: Posts (Section 6.1) and Influencers
(Section 6.2). We analyze our dataset in regards to different characteristics, such
as engagement with sponsored content (Section 6.1.1), and ad placement strategy and
engagement dynamics (Section 6.1.2).

We also analyze different aspects of Influencers on Instagram, such as follower
base size, amount of posts, and frequency of posting, as well as the percentage of ad
content and performance of monetization strategies, by user group.

Finally, we present a characterization of hashtag usage, topics, and trends on
Instagram (Sec. 6.3.2). First, we investigate the behavior of different hashtags and
their popularities, and the usage of hashtags as means of boosting audience engagement.
We, then, characterize topic dynamics in time and its distribution among influencers.

6.1 Posts

The Posts dataset is comprised of 3,450,733 posts, posted by 7,583 distinct Instagram
influencers. It was collected by crawling the public timelines of the selected influencer
profiles, between December 2018 and March 2019, and downloading the 500 most recent
posts of each profile. The collected set of posts spans a period of 5 years, distributed
between 2015 to 2019, as illustrated in Figure 6.1. As we can see, the majority of posts
were created in 2018 and 2019 (69.61%), whereas a smaller fraction of the content was
posted in earlier years (20.42% in 2017, 7.23% in 2016, and 2.73% in 2015).

37
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Figure 6.1: Posts per year
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6.1.1 Engagement with sponsored content

For influencers, the usage of sponsored content on Instagram is one of the main mon-
etization possibilities. Being so, it is important to understand how users interact and
engage with advertisements, as opposed to regular content. In our dataset, 7.6% of
posts were classified as sponsored content (AD).

In Figure 6.2 we can see that, on average, AD posts are less appealing to the
audience, with an average number of interactions 14.7% lower than that of NAD (not
sponsored) posts. This characteristic is confirmed in Figure 6.3, which shows the CDF
of the number of likes and comments received by AD and NAD posts. We can see that
74.5% of NAD posts received ≥ 100 likes, while only 66.4% of AD posts received ≥ 100

likes. Likewise, 21.2% of NAD posts received ≥ 50 comments, while only 16.1% of AD
posts received ≥ 50 comments.

Figure 6.4 illustrates the seasonal distribution of each type of post. More precisely,
it shows what percentage of each post type (AD and NAD) was posted in each month
of the year. We can see that, of all NAD posts, around 40% were posted in the first
4 months of the year (Jan - Apr), followed by a relative decrease between May and
September, and a relative increase during the final months of the year (Oct - Dec).
The distribution of AD content follows a similar pattern, having a higher percentage of
posts during the first trimester, followed by a relative decrease in the summer months.
Interestingly, we observe a steep rise in AD posts in the second semester, peaking in



6.1. Posts 39

Figure 6.3: CDF of likes and comments for AD and NAD posts
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November and December. This behavior towards the end of the year might be related
to popular seasonal events, such as Halloween, Black Friday, Christmas, and New Year’s
Eve, producing an elevated appeal for the purchase and consumption of products and
services.

6.1.2 Ad placement strategy and engagement dynamics

In Section 4.2, we defined metrics to measure the performance of an ad placement
strategy on a weekly basis. We categorized each week in an influencer’s timeline based
on the variation of the number of AD posts. Using these definitions, we seek to analyze
the impact on audience engagement of different posting strategies.

Figure 6.5 presents the CDF of the weekly interaction variation ∆I(u, w) for
w ∈ AD+(u), w ∈ AD−(u), and w ∈ AD=(u). This metric, as defined in (4.5), is the
variation in the number of interactions between consecutive weeks and, thus, can be
seen as a measurement of (weekly) performance. Of all 446,080 weeks in our dataset,
226,443 weeks were tagged as successful (∆I(u, wi) > 0), while 219,022 weeks were
tagged as unsuccessful (∆I(u, wi) < 0), and 615 weeks were tagged as neutral, with
no change in the number of interactions, relative to a previous week (∆I(u, wi) = 0).
It is possible to see that weeks with an increase in the number of AD posts tend to
have lower ∆I(u, wi). In fact, around 52.9% of AD+ weeks had a negative ∆I(u, wi),
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Figure 6.4: Distribution of posts per month of the year
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i.e., were unsuccessful, while 49.1% of AD= and 45.3% of AD− weeks had negative
∆I(u, wi), respectively.

This analysis shows that, indeed, an increase in the weekly number of advertise-
ments is associated with a decrease in audience engagement. However, more than 47%

of AD+ weeks were successful, despite containing significantly more ad content than
the previous week. We hypothesize that the usage of other resources, such as hashtags,
mentions, and seasonal postings, might mitigate this negative effect.

Seasonal information is another feature that can be used when planning an ad
placement strategy. In Figure 6.6, we show how successful and unsuccessful AD+ weeks
(as defined in Section 4.2) are distributed over different months of the year. We can see
that the ratio of successful weeks with an increased ad strategy is significantly higher
in the final two months of the year. Interestingly, although the percentage of AD posts
between May and September is the lowest (Figure 6.4), the percentage of successful
AD+ weeks during this time of the year is higher than the percentage of unsuccessful
weeks.
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Figure 6.5: CDF of ∆I(u, w)
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Figure 6.6: AD+(u) per month
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6.2 Influencers

In this section, we characterize our data from the Influencers’ dataset perspective. As
we have previously described in Chapter 6, the Influencers dataset contains information
regarding 7583 distinct Instagram influencers and their most recent 500 posts. In
order to understand the influencer scenario of our dataset, we perform an analytical
characterization of our data. First, we describe the Influencer dataset concerning the
number of posts and followers. We, then, investigate the distribution of the average
number of likes and comments. Afterward, we discuss our results regarding the usage
of ads. Finally, we present an analysis of the impact of monetization strategies on
different user groups.

6.2.1 Overall analysis of influencer’s numbers

Figures 6.7 and 6.8 show the CDF of the number of followers and the total number
of posts per influencer1, respectively. As we can see, around 43.8% of influencers
have ≤ 10,000 followers (beginners group), around 43% have between 10,000 and
100,000 followers (micro-influencers group), around 13% have ≥ 100,000 followers
(celebrities group). We can also observe that approximately 54% of influencers have
published ≤ 1, 000 posts; 41% published between 1,000 and 5,000 posts, and just 5%

own more than 5,000 posts in their timelines.

1Recall that, even though there are influencers with over 12,000 posts in their posting timeline
(Figure 6.8), our dataset contains only the k ≤ 500 most recent posts of each user.
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Figure 6.7: CDF of the number of follow-
ers per influencer
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Figure 6.8: CDF of the number of posts
per influencer
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Figures 6.9 and 6.10 shows the CDF of the average number of likes and comments
received by all posts of an influencer, respectively. We can see that, on average, the
number of likes received by posts of an influencer is significantly higher than the number
of comments. As an example, while over 71% of influencers have, on average, ≥ 100

likes, only 8.6% have on average ≥ 100 comments. As a matter of fact, this is somehow
expected, since it is easier to cast likes, which can be done with a single click of a
button, than it is to post comments.

Figure 6.11 gives us a better overview of influencer activity. As we can see, the
posting frequency differs greatly within the influencers in our dataset. Around 85%

of users post at most 10 posts per week, which gives us a daily activity of around 1.5

posts per day. Around 4.4% of influencers create more than 20 posts per week. Only
0.6% of all influencers within our dataset post with a frequency higher than 70 posts
per week, which would give an average of 10 posts per day. Those profiles with a very
high frequency of posting are, in general, profiles related to news outlets and online
stores.

6.2.2 Advertisement usage and distribution

Figure 6.12 shows the ratio of sponsored content in an influencer’s (collected) timeline.
Around 90% of influencers have at most 20% of advertisement content in their timelines,
and less than 4% contain more AD than NAD content. Only 0.3% of influencers have
more than 90% of ad content in their timelines. Those profiles are usually related
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Figure 6.9: CDF of the average number
of likes per influencer L(u)
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Figure 6.10: CDF of the average number
of comments per influencer C(u)
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Figure 6.11: CDF of the weekly frequency
of posting per user profile
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Figure 6.12: CDF of the percentage of ad
content
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to online stores and news outlets. Alternatively, in Figure 6.13, we can see that the
frequency of ad posting is not too great. As an example, of all influencers, only 14%
post more than one AD per week.



44 Chapter 6. Data characterization

Figure 6.13: Number of ads per week
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6.2.3 Monetization strategy performance

Figure 6.14 shows the CDF of the weekly interaction variation ∆I(u, w), w ∈ AD+(u),
w ∈ AD−(u), and w ∈ AD=(u) (as defined in Section 4.1), for each of the influencer
groups defined in Section 3.2.

The behavior is similar to the one shown in Figure 6.5, in which AD+ weeks
have, on average, lower ∆I(u, w) than AD− and AD= weeks. This shows us that,
indeed, an increasingly aggressive ad placement strategy, usually tend to have more
negative effects that lowering or maintaining the amount of sponsored content in a
week’s monetization strategy.

However, the discrepancy in impact between successful and unsuccessful weeks
varies across distinct influencer groups. We can see that for beginners, around 51% of
AD+ weeks have a negative ∆I(u, w), while for micro-influencers, around 53% of AD+

weeks have negative ∆I(u, w). For celebrities, the unsuccessful AD+ weeks comprise
around 56%. This suggests that, even though weeks with a more aggressive ad place-
ment strategy tend to have a decrease in audience engagement in general, celebrities
are the ones that are affected the most, while beginners and micro-influencers tend to
have a milder negative impact.
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Figure 6.14: CDF of ∆I(u, w), w ∈ AD+(u), w ∈ AD−(u), w ∈ AD=(u)
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6.3 Hashtag usage, topics, and trends

In this Section, we present a preliminary analysis of hashtag and topic usage, as defined
in Section 5.1. We also analyze topic and hashtag trends over time.

6.3.1 Hashtag usage

Hashtags are extensively used on Instagram. They are keywords used to describe the
content of a post. Users insert one or multiple tags in the body of the description of
a picture, preceded by the # symbol. Instagram also gives its users the possibility of
searching for hashtags, which yields the most recent and most popular posts with that
specific hashtag.
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As stated before, our dataset contains over 1.9 million distinct hashtags. Out of
those, some are more widespread than others. Table 6.1 presents the most popular
hashtags, by the weekly average number of users (Table 6.1a), ∆U(h, w) (Table 6.1b),
and interactions (Table 6.1c).

In Table 6.1a, we can see that the most popular hashtags by the weekly average
number of users are closely related to fashion, fitness, and beauty. Indeed, those topics
are the ones with the highest amount of posts. There are also some quite regular and
generic hashtags, such as #love, #blogger, #instagood, and #repost. Those hashtags
are extensively used together with others, in order to boost a post’s reach, since they
are always very popular.

Table 6.1b shows a quite different list. This table presents the hashtags with the
highest average weekly variation in number of users. Interestingly, we can see that
all hashtags are closely related to highly seasonal events, spanning just one day. For
example, #8m, #iwd2019, #internationalwomensday, and #womensday are hashtags
related to the International Women’s Day, which happens every year on the 8th of
March. We can also see hashtags related to Father’s Day, Mother’s Day, Easter, and
also some less known events, such as Pizza Day, Pet Day, and Doughnut Day. What all
those events have in common, is a steep increase followed by an equally steep decrease
in the number of users posting about this event.

Finally, Table 6.1c presents the most popular hashtags by average weekly inter-
actions. While this list is interesting, showing the most liked and commented hashtags,
it might be biased towards hashtags used by only a few influencers with a high follower
base, like celebrities, for example. Still, we can see, for example, the #10yearchallenge
hashtag appearing in both Table 6.1b and 6.1b, meaning that this hashtag is not only
positively trending in regards to user variation, but also achieving great performance
in likes and comments.

By analyzing hashtag usage among AD and NAD posts, Figure 6.15 presents the
CDF of the number of hashtags per post, grouped by post type. It is possible to see
that AD posts use a lot more hashtags than NAD posts. For example, 30% of NAD

posts use ≥ 10 hashtags, whereas, for 30% AD posts, the number of hashtags is ≥ 25.
Since it is possible to search for posts with specific hashtags on Instagram, the usage
of this feature can be seen as a way to boost the reach of a post.

In Figure 6.16, we analyze the impact of the hashtag assignment strategy on au-
dience engagement with a post. We can see that, as the number of hashtags assigned
to a post increases, the interactions tend to decrease, suggesting that overusing hash-
tags can damage a post’s performance. This suggests that, whereas AD posts tend to
have more hashtags than NAD posts, possibly with the intent to reach a larger audi-
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Table 6.1: 15 most popular hashtags

hashtag |U(h,w)|

#ad 315.44
#love 234.42
#sponsored 218.31
#fashion 178.41
#ootd 174.44
#instagood 144.01
#tbt 142.40
#style 120.18
#fitness 116.28
#blogger 108.29
#beauty 108.28
#photooftheday 107.55
#photography 104.01
#repost 101.76
#liketkit 101.35

(a) Average influencers per week

hashtag ∆U (h,w)

#8m 82.00
#nationalpizzaday 50.00
#happyfathersday 41.70
#nationaldogday 41.16
#iwd2019 39.44
#internationalwomensday 32.51
#felizdiadospais 28.91
#nationalicecreamday 24.79
#diadoamigo 24.11
#felizdiadasmaes 20.08
#nationalpetday 19.50
#womensday 15.74
#happyeaster 15.07
#nationaldonutday 15.02
#10yearchallenge 14.51

(b) Average user variation (∆U ) per week

hashtag |I(h,w)|

#yay 17958.25
#inmyfeelingschallenge 17421.19
#winterishere 10951.23
#mycalvins 10378.12
#friendshipgoals 10259.17
#diadasmulheres 9937.31
#always 9241.81
#yes 9022.67
#amormaior 8580.52
#23 8489.62
#aerolook 7743.60
#boohoo 6866.43
#bbb 6755.13
#10yearchallenge 6643.04
#slowmotion 6579.92

(c) Average interactions per week

ence through search engines, such a hashtag assignment strategy should be balanced
carefully, since it might negatively impact the audience engagement with a post.
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Figure 6.15: Hashtags per post
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Figure 6.16: I(p) per |H(p)|
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6.3.2 Topics and trends

In Section 5.1, we described our efforts in detecting topics for each post in our dataset,
based on hashtag similarity. We detected 13 distinct topics, with themes such as
Fitness, Fashion, Christmas, and Beauty. Out of the 13 distinct topics, some are more
popular than others, while some can be seen as highly seasonal. Figure 6.17 shows the
number of users posting about each topic, in time. Some interesting patterns can be
seen. First, we can see that the most popular topic is Fashion. It has a steady positive
trend throughout the years and it tops every other topic almost every time of the year.
After Fashion, the most popular topics are Fitness and Beauty.

It is interesting to see that some topics have steep spikes in usage during the year.
Those topics can be seen as highly seasonal, with a hugely positive trend followed closely
by an equally great negative trend. Among those topics, we. can see, for example, the
Christmas and NYE topic, which, during the final days of the year, has a great increase
in the number of users, topping even the Fashion topic.

Some other interesting seasonal topics include Discounts and Family. The Dis-
counts topic includes many posts related to Black Friday and Cyber Monday, which are
seasonal events happening in late November, traditionally known for great discounts
on products and services. Likewise, the Family topic, which includes posts about child-
hood, babies, families, etc., also spikes in May, which is usually when Mother’s Day
happens.
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One exciting result is the behavior of the Winter and Summer topics. Throughout
the year, summer and winter happen alternatively, so it is possible to see that the
positive trends in the summer topic usually happen when there is a negative trend in
the winter topic, and vice-versa. It is also interesting to notice that the summer topic
is more popular than its winter counterpart.

Figure 6.17: Number of users per topic in time
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Figure 6.17 has given some insights about the posting behavior of each topic
throughout time. It has shown that Fashion is the most popular topic, while also
showing some interesting patterns in other topics. Indeed, as Figure 6.18 presents, the
most posted-about topic is Fashion, with almost 350.000 distinct posts. It is followed
by the Fitness and Beauty topic, with around 200.000 and 150.000 posts, respectively.
The least posted about topics are, in order, Christmas and NYE, Winter and Discounts.
Those topics are highly seasonal, having shorter timespans, which might explain the
smaller amount of posts.

On the other hand, by analyzing the number of distinct users by topic, the dis-
crepancy is less evident. Figure 6.19 shows that, even though Fashion is still the topic
with most users posting about, the discrepancy from the second place is not as big
as in the number of posts. We can also see the Summer topic rising to second place,
meaning that even though it is only the 8th topic in number of posts, those posts are
distributed between more users.
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One interesting result is the positions of the Christmas and NYE topic by the
number of posts and users. When analyzing the number of posts, it is possible to see
that there aren’t many posts related to Christmas and NYE, but almost 4500 users
(60% of all users) have posted about this topic, meaning that even though this topic
is not greatly explored or posted about, many users at least mention it somehow.

Figure 6.18: Number of posts per topic
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Figure 6.19: Number of users per topic
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The dynamics of ad posting in each topic are explored in Figures 6.20 and 6.21,
which shows the percentage of ad posts in each topic and the CDF of number of topics
per post, respectively. It is possible to see that the topic with the highest percentage
of ad posts is Discounts, with around 28% of ad posts. This is somehow expected since
this topic includes posts with discounts, giveaways, and contests, also including content
posted during Black Friday and Cyber Monday, which are seasonal events related to the
consumption and purchase of products and services. The Discounts topic is followed
by Fitness, with around 20% of ad posts, and Beauty, Design and Architecture, and
Fashion, all with around 14% of ad posts.

Christmas and NYE, which is the topic with the highest variations in number of
users, does not seem to have much advertisement in our database, with just a little
above 10% of ad content. In fact, most of the Christmas-themed posts on our database
do not seem to explore advertising, being mostly focused on the festivities and best
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wishes.

Figure 6.20: Percentage of ads per topic
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Figure 6.21: CDF of number of topics
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Figure 6.21 also shows us some interesting insights. NAD posts usually tend to be
more specific, having fewer topics in their description than AD posts. As an example,
we can see that, while AD posts with 2 or more topics are around 17.5% of all AD
posts, only 9% of all NAD posts contain 2 or more topics. Since we also have shown in
Figure 6.15 that AD posts usually have more hashtags than NAD posts, it is possible
to imply that AD posts would potentially also have more topics.





Chapter 7

Analysis of impact and success

The data characterization presented in Section 6 revealed that sponsored content (AD)
and regular content (NAD) are different in terms of audience engagement (Figures
6.2, 6.3), distribution in time (Figure 6.4), hashtag assignment strategy (Figures 6.15,
6.16), and distribution among topics (Figures 6.20, 6.21). Moreover, we could see that
weekly ad posting strategies have different impacts on audience engagement in different
influencer groups (Figures 6.5, 6.6).

Although anyone can exploit ad placement for monetization on Instagram, each
influencer has a distinct audience and practices. It is important to understand how the
usage of (disclosed) sponsored content affects each of these different groups.

In this section, we aim to analyze:

1. How sponsored content affects weekly interaction in an influencer’s timeline;

2. Which posting strategies correlate with the success or failure of a week;

3. What are the main differences between influencer groups, i.e.: beginners, micro-
influencers, and celebrities.

We hypothesize that the impact of ad posting strategies differs between influencer
groups, and some posting strategies might be useful in mitigating the negative effect
of advertisement content on audience engagement, which we observed in Figures 6.2
and 6.3. We also hypothesize that, while several strategies can be fine-tuned to act in
favor of an influencer’s monetization strategy, there are aspects beyond their control
that make up a significant portion of their profile’s success.

It is also important to note that, while we aim to understand if there is a corre-
lation between usage of ads and user engagement, there might be many other factors
into play that define an influencer’s performance and success. We are analyzing only

53
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one factor, while also trying to measure how this factor (usage of sponsored content
and ad placement strategy) correlates with our proposed performance metrics.

For the purposes of this analysis, we used the grouping of users defined in Section
3.2.

7.1 Feature correlation analysis

To analyze how different features from our dataset are correlated, we compute the
Spearman correlation coefficient defined as

rs = ρrgX ,rgY =
cov(rgX , rgY )

σrgXσrgY

,

where ρrgX ,rgY is the Pearson correlation coefficient between the rank variables,
cov(rgX , rgY ) is the covariance of the rank variables, and σrgX and σrgY are the stan-
dard deviations of the rank variables. It has values in [−1, 1], 1 indicates a total positive
correlation, 0 means no correlation, and -1 indicates a total negative correlation. We
also calculated the p-values for every correlation. All p-values were below a signif-
icance level of 0.05, which indicates that the correlation coefficients are statistically
significant.

It is also important to note that correlation does not imply causation. The
correlations only indicate trends between pairs of variables related to sponsored content
on Instagram.

We considered the following weekly features for each influencer u ∈ U and week
w ∈ T (u):

1. Total post count : |posts(u, w)|;

2. Average hashtag count per post : weekly average hashtags per post, defined

as
"i=1

|posts(u,w)| |H(pi)|
|posts(u,w)| ;

3. Average mention count per post : weekly average mentions per post, defined

as
"i=1

|posts(u,w)| |M(pi)|
|posts(u,w)| ;

4. Ad ratio: weekly percentage of AD content, defined as |{p|p∈posts(u,w),p∈AD}|
|posts(u,w)| ;

5. Ad count : weekly absolute AD count, defined as |{p|p ∈ posts(u, w), p ∈ AD}|;

6. ∆AD(u, w): weekly variation in AD content, as defined in eq. (4.1);

7. Post length : weekly average post length;
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Table 7.1: Ad placement strategy correlation analysis and feature relevance

I(w) C(w)

|posts(u,w)| -0.21 -0.20
Average hashtags per post -0.16 -0.14
Average mentions per post 0.20 0.25
Ad ratio -0.11 -0.12
Ad count -0.17 -0.18
∆AD(u,w) -0.02 -0.02
Post length 0.12 0.20
Hashtag diversity 0.16 0.22
Trend alignment 0.11 0.13
Topic diversity 0.09 0.10
Intra-topic hashtag trend alignment ∆ 0.23 0.27

(a) Beginners

I(w) C(w)

|posts(u,w)| -0.06 -0.14
Average hashtags per post -0.13 -0.11
Average mentions per post 0.04 0.24
Ad ratio -0.02 -0.04
Ad count -0.03 -0.08
∆AD(u,w) -0.02 -0.02
Post length 0.06 0.21
Hashtag diversity 0.03 0.13
Trend alignment 0.05 0.11
Topic diversity 0.04 0.09
Intra-topic hashtag trend alignment ∆ 0.15 0.19

(b) Micro-influencers

I(w) C(w)

|posts(u,w)| -0.10 -0.15
Average hashtags per post -0.43 -0.35
Average mentions per post -0.05 0.12
Ad ratio -0.11 -0.07
Ad count -0.14 -0.13
∆AD(u,w) -0.02 -0.02
Post length -0.35 -0.11
Hashtag diversity -0.14 -0.06
Trend alignment 0.01 0.05
Topic diversity -0.03 0.00
Intra-topic hashtag trend alignment ∆ -0.02 0.00

(c) Celebrities

8. Hashtag diversity : weekly number of distinct hashtags used;

9. Topic diversity : weekly number of distinct topics posted about;

10. Global trend alignment : weekly average topic user variation. For every topic ∈
T OPICS in our dataset, we calculated the weekly variation in the number of
users ∆U(topic, w), as defined in Eq. (5.3). We, then, selected the topics posted
about by user u in week w, topic ∈ topics(u, w), and computed the average value
of ∆U(topic), topic ∈ topics(u, w). The objective of this feature is to quantify the
influencer’s alignment with global topic trends: the more aligned an influencer
is with global topic trends in a given week, the higher the ∆U(topic) will be for
each topic ∈ topics(u, w), resulting in a higher value for this feature;

11. Intra-topic hashtag trend alignment ∆: weekly average user variation
of the top 10% hashtags of each topic. As explained in Section 5.1, each
topic ∈ T OPICS is composed of a set of hashtags H(topic), and for each week
w ∈ T (topic), there is also a set of hashtags h ∈ H(topic, w). This feature
was calculated by selecting the top 10% hashtags with the highest user variation
∆U(h, w) from each topic ∈ topics(u, w), selecting the intersection between those
top hashtags with the influencer’s weekly hashtags H(u, w), and computing the
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average user variation ∆U(h, w) of the hashtags in the intersection. With this
feature, we aim to quantify the influencer’s weekly performance in hashtag selec-
tion within the topics posted about by user u in week w. Note that an influencer
that uses hashtags that are trending within some topic will have higher values
for this feature.

Note that the two last features described above differ in a crucial aspect. While
the alignment with global trends is typically beyond the influencer’s control since it
is difficult to predict arbitrary weekly trends in advance, the strategic allocation of
hashtags within topics of choice can be fine-tuned by the influencer. By comparing
these two features, we aim to understand to which extent topic trend alignment can
be strategically exploited by an influencer.

The correlations were calculated between the features listed above and the fol-
lowing performance metrics, for each influencer u ∈ U and week w ∈ T (u):

1. I(u, w) and C(u, w): weekly average interactions and comments, as defined in
(4.4);

Tables 7.1a, 7.1b, and 7.1c present the correlations between the weekly features
and performance metrics for beginner, micro-influencer, and celebrity influencer groups,
respectively. Firstly, we observe that all ad-related features (Ad ratio, Ad count, and
∆AD(w)) have negative correlations with the performance metrics for every influencer
group, confirming our hypothesis that sponsored content can indeed be harmful to
audience engagement. Among the influencer groups, micro-influencers have a relatively
less negative impact of ad-related features on user engagement, whereas celebrities tend
to suffer the most negative impact.

Furthermore, we can observe that the weekly average number of hashtags is also
negatively correlated with all metrics among all three influencer groups. Celebrities,
though, are the ones with the highest negative correlation, suggesting that the hashtag
assignment strategy should be more cautious for that group of influencers. At the
same time, the weekly number of posts is also negatively correlated with performance.
Again, micro-influencers tend to suffer less from increasing the number of posts per
week, while beginners had the most negative correlation. Contrariwise, it is possible to
see that using a diversified set of hashtags might be beneficial, since there is a positive
correlation between the number of distinct hashtags and the performance metrics, for
both beginners and micro-influencers. This indicates that a balanced hashtag strategy,
using fewer but more diverse hashtags, might have a positive impact on the performance
of a week’s ad placement strategy. For celebrities, though, the correlations are negative.



7.1. Feature correlation analysis 57

One remarkable result is the correlation between topic-related strategy features
and performance metrics. There is a positive correlation between the topic diversity
and the performance metrics, as well as between the trend alignment, meaning that
planning well which topics to post about could be used to mitigate the negative effect
of ad placement. Not only this, but also the existing correlation between the perfor-
mance metrics and the intra-topic hashtag trend alignment features, shows us that it is
important not only to post about trending topics but, more importantly, to wisely plan
which hashtags within each topic will be used since only belonging to a trending topic
is not as highly correlated as the correct usage of topic hashtags. This affirmative holds
for both beginners and micro-influencers, beginners having the highest correlations, in-
dicating that for up and coming influencers following trends is important. Celebrities,
on the other hand, do not seem to benefit much from topic-related features, having cor-
relations close to 0. Information regarding weekly topic trends are typically unknown
in advance unless it is a predictable seasonal trend, and switching topics simply for the
sake of global trend alignment might hurt an influencer’s authenticity. These results
could be seen as a “luck" component of the success of a week’s posting activity.

The correlations shown in Table 7.1 which refer to ad-related features (more
specifically, Ad ratio, Ad count, and ∆AD(u, w)) suggest that an increasingly aggres-
sive ad placement strategy tends to harm the weekly audience engagement for all
influencers. Nevertheless, some strategies might mitigate this effect. The number of
mentions, for example, can be used to attract different audiences for an influencer’s
channel. It is possible to see that both beginners and micro-influencers might benefit
from this tool, given the high positive correlation with the weekly performance metrics.
The results also show that beginners and micro-influencers might profit from having
longer post texts. This impact is even higher on the average number of comments,
for both influencer groups. Unlike the features related to global topic trends, which
cannot be easily predicted, these features can be adjusted by the influencer and can,
therefore, be seen as strategic. Nevertheless, the high correlations seen for topic trend-
related features can also be exploited when planning for easily predictable trends, such
as seasonal events like Christmas and New Year’s Eve.

Also, both beginners and micro-influencers can benefit from a smart hashtag as-
signment within the topic choice, as can be seen by the significant correlations between
performance metrics and the Intra-topic hashtag trend alignment ∆ feature. The same
strategy for celebrities did not show significant correlations.

Celebrities had almost all feature correlations negative or close to zero. This can
be seen as an indication that the bigger the follower base, the harder it becomes to
keep growing. Still, some strategies should probably be avoided by celebrities. More



58 Chapter 7. Analysis of impact and success

specifically, as can be seen in Table 7.1c, writing posts with longer texts (post length),
using too many hashtags (average hashtags per post), and posting too many ads (ad
count) is negatively correlated with the performance metrics.

Our analysis revealed that the same posting strategy could have a different im-
pact, depending on the size of the follower base of an influencer. There are some evident
differences. For example, while increasing the number of mentions in a post might be
a good strategy to boost interaction numbers for a beginner or a micro-influencer,
celebrities tend to have decreased engagement, when the number of mentions is high.
Moreover, while having longer post texts can be beneficial for beginners and micro-
influencers, for celebrities, this (highly) correlates with lower numbers of interactions
and comments. Alternatively, while both beginners and micro-influencers can have in-
creased performance by posting about trending topics, and by doing smart intra-topic
hashtag selection, celebrities do not seem to benefit from the same strategy.

The results regarding topic trends presented above bring an interesting discussion
into play. It is evident that there is a correlation between an influencer’s posting
strategy success and whether this influencer is aligned with global trends. But to what
extent should an influencer focus on strategies exploiting these results? Does it make
sense to change the subject about which they post to follow global tendencies? Based
on these results, we conjecture that two major groups of features define an influencer’s
monetization success. The first group is comprised of features that can be controlled
by the influencer, such as the post length and total amount of posts, usage of mentions
and hashtags, and quantity of ads. The second group is related to those features that
can be seen as the luck component of success and cannot be controlled by the user,
such as global topic trends prediction and alignment with trending topics.

7.2 Relative feature relevance

To further understand what influences the performance of a post or an ad placement
strategy of an influencer, we used our dataset to create a classification model, using
machine learning techniques, to calculate the relative importance of different features.
We modeled our data as a classification problem, with the week’s success status as the
target (as defined in Sec. 4.2, a week w is considered successful if ∆I(u, w) > 0, and
unsuccessful if ∆I(u, w) < 0).

To train the classifier, we used the Extremely Randomised Trees algorithm Geurts
et al. [2006]. This algorithm uses the Gini impurity index for the calculation of divisions
during training. According to Breiman et al. Breiman [2001]:
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Every time a split of a node is made on variable M, the Gini impurity cri-
terion for the two descendant nodes is less than the parent node. Adding
up the Gini decreases for each individual variable over all trees in the for-
est, gives a fast variable importance that is often very consistent with the
permutation importance measure.

To evaluate our model, we used the Area Under the ROC Curve (AUC). The
AUC is a measurement of separability, having values in [0, 1]. The closer to 1, the
better the model. Our model achieved an AUC of 0.85.

We considered the following weekly features, ∀u ∈ U , w ∈ T (u):

1. Average text length : average length of the post’s textual content, in week w;

2. Average hashtag count : average number of hashtags assigned to a post. in
week w;

3. Average mention count : average number of mentions in a post, in week w;

4. Month : the month in which week w occurred;

5. Year: the year in which week w occurred;

6. Total post count : |posts(u, w)|;

7. Week type: w ∈ {AD+(u), AD−(u), AD=(u)};

8. AD count variation: ∆AD(w) (defined in eq. (4.1));

9. AD percentage: percentage of AD posts in week w;

10. Influencer group: u ∈ {beginners, micro-influencers, celebrities};

11. Hashtag diversity : number of distinct hashtags used in week w;

12. Topic diversity : number of distinct topics posted about in week w;

13. Trend alignment : weekly average topic user variation, as defined in Section
7.1;

14. Intra-topic hashtag trend alignment ∆: weekly average user variation of the
top 10% hashtags of each topic, as defined in Section 7.1;
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Table 7.2: Feature relevance on predicting the performance of a week w ∈ T (u), u ∈ U

Feature relevance

post length 0.123 ∆AD(w) 0.056
average hashtags 0.111 topic diversity 0.053
month 0.096 ad percentage 0.044
hashtag diversity 0.092 week type 0.039
intra-topic hashtag trend alignment ∆ 0.082 influencer group 0.038
trend alignment 0.081 year 0.026
|posts(u, w)| 0.080
average mentions 0.074 aaa

Even though we used our model simply to extract the feature relevances, it could
be used to predict a given weekly posting strategy, for a given influencer, in a real
world setting.

Table 7.2 analyzes the features relative importance when predicting the week’s
success status. As we defined in Section 4.2, a week is considered to be successful if
it’s variation in the number of interactions relative to the previous week ∆I(u, w) > 0,
and it’s considered to be unsuccessful otherwise (∆I(u, w) < 0). We can see that
the average text length is the most important feature, followed closely by the average
number of hashtags. One remarkable result is the relatively high importance of the
topic-related features, more specifically, of the feature indicating trend alignment. It is
possible to see that posting about trending topics can be beneficial, as evidenced by the
importance of the trend alignment feature. Moreover, a clever selection of topic-related
hashtags (intra-topic hashtag trend alignment ∆ feature) is also important, indicating
that not only it is interesting to post about subjects having a positive growth tendency,
but it is also important to use trending hashtags within the topics of choice.

It is interesting to point out that, even though the relative importance of both
trend alignment and intra-topic hashtag trend alignment ∆ are similar (with relevances
close to 0.08), it is good news for influencers that they do have control of at least one
of the two features. The former is typically beyond the influencer’s control since it is
difficult to predict weekly global trends; while the latter can be more easily exploited by
an influencer, given that within their topic of choice, the selection of trending hashtags
can rely on their expertise in that particular subject.

One unexpected positive result that is worth pointing out is the low relative
relevance of the AD-related features, such as the weekly ad percentage, the ∆AD(w),
and week type. This is quite encouraging because even though sponsored content tends
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to generate less audience engagement than regular content and increasing the number
of weekly ads is negatively correlated with our performance metrics in all influencer
groups, as shown in Sections 6.1 and 7.1, these ad-related features are less relevant in
predicting weekly success than almost every other feature. This result suggests that,
while the ad placement strategy should be taken into account, several other features
are more important for the prediction of the success of a weekly monetization strategy
and, thus, could be used by an influencer in order to mitigate the negative effects of
sponsored content placement.

Another interesting result is the relatively high relevance of the month feature,
which suggests that the time of the year in which the ads are posted might be relevant
for the success of a week’s monetization strategy. This goes hand in hand with the high
relevance of the topic-related features, which might indicate that exploiting seasonal
events, such as Christmas, NYE, and Summer, could be used to boost a week’s perfor-
mance. As opposed to arbitrary weekly trends, many seasonal trends are, in fact, easily
predictable and the relative importance of trend-related features indicates that taking
seasonal trends into account when defining ad posting strategies can be beneficial for
boosting a week’s performance.

Near the bottom of the feature relevance list is the influencer group feature. The
fact that this feature has low relative relevance in our model is another motivating
result for influencers in the beginners’ group, suggesting that the size of their follower
base does not determine the success of their ad placement strategies.





Chapter 8

Conclusions

In this work, we presented a characterization and analysis of sponsored content and its
impact on user engagement on Instagram. We collected and characterized a dataset of
over 7,500 influencer profiles and over 3 million posts. In order to better understand
the different strategies used for sponsored content placement on Instagram, we divided
the influencer profiles into three categories, based on the size of their follower base:
beginners, micro-influencers, and celebrities. We proposed metrics to measure the
success of ad placement strategies. More specifically, we analyzed how the variation in
the number of sponsored posts in a week correlates with audience engagement within
an influencer’s profile and showed that, for each of these groups, the performance of
ad content is influenced by distinct factors.

Our analysis showed that an increasing amount of sponsored content can nega-
tively affect an influencer’s audience engagement. Surprisingly, celebrities suffer the
most negative impact when increasing the number of ad posts in a week. Nevertheless,
our feature correlation analysis showed that different user groups could adopt different
posting strategies to mitigate the negative effect of ad placement. In particular, for be-
ginners, it is important to strengthen social ties within the platform, e.g., by increasing
the number of mentions of other user-profiles and investing in fewer posts with longer
texts. Celebrities, on the other hand, do not need to reinforce social ties within the
platform, but rather should invest in more succinct posts with fewer hashtags. Finally,
the month of the year has shown to be of importance for a successful week in terms of
user engagement, suggesting that season-specific strategies can be used to increase the
growth and reach of an influencer’s profile.

Although we have shown that advertisement can, indeed, harm an influencer’s
performance, there seem to be a variety of ways to mitigate the negative effect of
advertisements, such as strategic usage of mentions and hashtags, the textual content
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of a sponsored post, as well as the season of the year, when planning an advertisement
placement strategy. We also observed that whereas sponsored posts tend to have more
hashtags than non-sponsored posts, possibly with the intent to reach a larger audience
through search engines, such a hashtag assignment strategy should be balanced, since
it might negatively impact the audience engagement with a post.

One of the negative results of our analysis is that some relatively important fea-
tures are beyond influencer’s control, such as alignment with arbitrary weekly trends,
since it is difficult to predict global tendencies. Either way, even though some features
like alignment with trending topics on a weekly basis cannot be controlled by an influ-
encer, many features that shape an ad placement strategy can, in fact, be controlled
and are relevant to the success of the influencer in terms of audience engagement with
regular and sponsored posted content. As an example, the size of the text, the usage
of mentions, and the hashtag diversity all correlated highly with our proposed success
metrics. Furthermore, even though alignment with global trends is not within the reach
of an influencer’s control, the smart usage of hashtags within chosen topics has proven
to be equally important and, unlike the later, can be controlled by an influencer and
could be leveraged in order to positively boost weekly monetization strategies.

Interestingly, one of the least relevant features in our analysis turned out to be
the influencer’s group, i.e., the size of their follower base. This is a positive result
for those influencers that do not have large numbers of followers, suggesting that the
(current) size of their follower base must not be a limiting factor for the success of their
monetization strategies on Instagram.

We also analyzed seasonal trends. We could detect that the usage of specific
hashtags during specific times of the year, such as summer and Christmas, can boost
ad performance. Even though arbitrary weekly trends are hard to predict, seasonal
trends are easily predictable, and the high relevance of the trend alignment features
might indicate that leveraging seasonal trends in monetization strategies might be
beneficial. This strategy can be used to increase the performance of advertised content
during selected periods of the year. Even so, the use of trending hashtags does not
benefit everyone. Celebrities, for example, did not benefit from this strategy, when it
comes to likes and interactions and beginners even had a negative impact.

To the extent of our knowledge, this is the first in-depth study of the relationship
among (disclosed) sponsored content placement, global topic trends, and audience en-
gagement on Instagram. Whilst companies and brands are interested in reaching the
higher possible audience keeping minimal costs, social media users should be aware of
how this type of content affects their followers and to which extent it poses a threat
to their overall success. Our results revealed several strategies that can be exploited
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to boost audience engagement and performance of monetization strategies on online
social media platforms.

Finally, there are some future directions of work that might be interesting to point
out. Instagram is a photo and video-sharing social network, and, thus, one exciting
direction would be to study how the visual content of a post can impact a monetization
strategy. Another direction could be in understanding how different posting tools can
influence engagement, such as the difference between images, videos, Instagram stories,
etc. In another sense, future efforts could also aim to further analyze the textual
content of posts, by applying natural language processing in the posts textual content.
All things considered, there are plenty of different approaches that might be interesting
fields of study in the influencer marketing phenomenon.

Finally, we intend to release the dataset for the community at a later date.
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