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Influencer marketing, a word-of-mouth marketing strategy that leverages prominent indi-
viduals on social media, has been gaining great traction in recent years. As the number
of influencers has explosively increased with the rapid growth of the influencer marketing
industry, several issues in evaluating and discovering valuable influencers have been raised,
including the influencer fraud problem. These issues arise from utilizing solely quantitative
metrics such as the number of followers to identify influencers on social media. Although
these quantitative indicators can measure the influence of social media users to some extent,

it is challenging to evaluate the quality of influencers with such metrics.

In this dissertation, we propose several graph learning frameworks that incorporate var-
ious input sources from social media including text, images, and graphs, to evaluate influ-
encers in the first place. To that end, we build and analyze social networks of influencers
based on the posting, interacting, and advertising behaviors of influencers to find valuable
insights by understanding the social relations of influencers. The frameworks presented in

this dissertation take the influencer social networks with decent features from multi-modal
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inputs and then assess qualities of influencers, including transparency, loyalty, authentic-
ity, and efficiency of influencers. As a result, the proposed methodologies not only address
pressing issues in the influencer marketing industry but also advance multi-modal graph

learning-based applications.
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CHAPTER 1

Introduction

Influencer marketing is a word-of-mouth marketing strategy that utilizes popular social media
users to reach potential customers, promote brand awareness, and advertise products and
services. Since companies and marketers can easily target niche markets through the social
networks of influencers, the influencer marketing industry has been rapidly growing in recent
years. To identify and discover influencers, companies and marketers heavily depend on
utilizing quantitative indicators including the number of likes and follower counts. However,
such metrics can only quantify the size of user influence on social media but disregard the
quality of posts, social relationship with brands and audiences. This leads to pressing issues
in influencer marketing such as influencer fraud problems and transparency in advertising

posts.

In this dissertation, we aim to evaluate the quality of influencers by developing graph
learning frameworks that incorporate multiple data sources from social media, thereby ad-
dressing the issues in influencer marketing. Specifically, we pursue a two-step approach:
analyzing social networks of influencers and developing learning frameworks. In the first
step, we construct multiple social networks of influencers, including the influencer network,
the brand mentioning network, and the audience engagement network. By analyzing these
social networks, we understand the distinct characteristics of influencers in different levels of
qualities. Second, we propose graph learning frameworks that take the constructed networks
to assess influencers from various perspectives, e.g., transparency, efficiency, and audience

loyalty and authenticity.



1.1 Scope of the Research

¢ Building large-scale datasets. Although there have been a large number of research
issues to be addressed in influencer marketing, many researchers have had to rely
on small-scale data due to the absence of a large-scale influencer dataset. To foster
other researchers to conduct in-depth studies in the influencer marketing domain, we
construct the influencer datasets by collecting influencer profiles and their posts from
Instagram which is the most popular social media for influencer marketing. We propose
a multi-modal multi-task classification model that can automatically classify influencers
and their posts into certain categories such as fashion, beauty, travel, and food, by

learning unique features from images and texts and applying post-level attention.

e Analysis on social networks of influencers. We build various social networks of
influencers to understand their behaviors from different perspectives. From the in-
fluencer network, we seek distinct social behaviors of influencers who have different
interests. We also analyze the brand mentioning networks to understand how influ-
encers mention brand names in their social media posts and different posting behaviors
in sponsored posts from non-sponsored posts. Finally, from the audience engagement
network, we aim to discover unique engagement patterns of social bots that generate

fake likes and comments.

e Multi-modal graph learning methods for influencer evaluation. We propose
several influencer evaluation metrics that can assess the quality of influencers. We
then develop graph learning frameworks that exploit multiple input sources to discover
high-quality influencers. By learning the social relationships of influencers and their
behaviors, the proposed methods can address the issues in influencer marketing such
as discovering hidden sponsorship in advertising posts, detecting engagement bots, and

predicting engagement rates.



1.2 Contributions

e This dissertation is the first research to propose graph learning frameworks that incor-
porate multiple input sources including text and images, for evaluating influencers on
social media. As the proposed frameworks utilize the data from any type of social me-
dia and excel other baseline methods, social media platforms and influencer marketing

companies can adopt the frameworks to discover highly qualified influencers.

e We propose new influencer evaluation metrics including transparency, efficiency, and
audience loyalty and authenticity. The transparency measures how transparent in-
fluencers are about their sponsorship disclosures, and the efficiency represents the
expected return on investment, taking into account volatility over time. The loyalty
is an indicator of how consistently the audience engages with influencers, and the

authenticity is a value that shows the intimacy between influencers and bots.

e We foster interdisciplinary research between computer science and marketing by re-
leasing two large-scale datasets that contain Instagram influencers and their millions
of posts. We expect a variety of research activities in the field of marketing as the
datasets contain influencer profiles, images, brand information, and metadata with

detailed information about the posts.

1.3 Overview

The rest of the dissertation is organized as follows: Chapter 2 summarizes the relevant
works for influencer marketing and graph neural networks. We introduce the three social
networks of influencers and present analysis results in Chapters 3, 4, and 5. Chapter 6
describes a multi-modal influencer classifier to construct the large-scale datasets. Chapters
7, 8, and 9 present the graph learning frameworks and their experimental results for influencer

evaluation. Chapter 10 concludes this dissertation with a summary of our work.



CHAPTER 2

Related Work

2.1 Influencers on Social Media

The explosive growth of the influencer marketing industry has led researchers to study in-
fluencers in various fields such as in marketing |44 50, [105] 26], health [37], and travel [124].
De et al. [44] find that the number of followers is positively correlated to the popularity of
influencers whereas the popularity correlates with the opinion leadership only in the limited
cases. Casalo et al. [26] also reveal that the originality and uniqueness of the posts are the
key factors to be an influencer. It has been also studied that influencers’ attractiveness and
authenticity have a positive impact on the perception of audiences which consequently makes
them be more likable users in the social network [I05]. These results suggest that under-
standing influencers’ posting behavior and characteristics of their posts help find influencers.
In addition, Evans et al. [50] study the effects of disclosing sponsorship on the advertising
social media posts, and find that sponsorship disclosures increase advertising recognition
and negatively impact the attitudes and behavioral intention. Furthermore, some works
analyze influencers’ brand mentioning behaviors [I76] and emoji usage [58], and the results

demonstrate that each influencer has unique properties.

2.2 Influence Prediction in Social Networks

To find influencers in social networks, most existing studies rely on social media features to
measure the influence. For example, the number of followers, posts, reposts, and mentions are

well-known metrics to measure the influence of a user [10] [156]. Based on the measures, the



regression tree model has used [I0] and rank results have aggregated to rank influencers [156],
respectively. Some works use the information from the network structure with the PageRank
algorithm [126]. Silva et al. [I52] build the user-content graph that shows the content creation
and propagation relationships between users and contents. Then they use random walks
over the content diffusion network. Romero et al. [141] propose the passivity of nodes to
measure how likely the information is propagated in the social networks, and then apply
the PageRank to rank the users. Liu et al. [103] consider the time domain over the user
trust network in the proposed framework to classify influencers into one of three categories,
emerging influencers, holding influencers, and vanishing influencers. In addition to social
network features, some studies propose to use machine learning with statistical features.
Li et al. [1I01] extract network-based, content-based, and user activeness-based statistical
features, e.g., the number of followers, and length of posts, to predict the influence of users.
Segev et al. [T48] use simple statistics of posts and users, e.g., the number of likes, comments,
followers, and posts, to measure the user influence using a regression model. Some previous
works, on the other hand, exploit graphical information. Zhang et al. [I81] exploit the
social influence locality to predict retweet behaviors. Qiu et al. [I34] utilize mini-batches
of sub-graphs and apply the attention mechanism to predict the influence of users on social
networks. Chen et al. [32] propose recurrent convolutional networks to consider temporal
effect on information cascade prediction. However, most previous works fail to consider

temporal dynamics in the social relationships and characteristics of users.

2.3 Brand Loyalty in Social Media Marketing

Audience loyalty is an indicator that shows how consistently a social media user makes
engagements to a particular brand or influential celebrity (i.e., influencer) to express their
interests or make interactions [48]. Marketers seek loyal audiences for their marketing cam-
paigns since loyal audiences have more trust, positive engagement, and repurchase than
other users [16]. Audience loyalty can be established, enhanced, and maintained by hav-

ing persistent interactions and offering enjoyable social media contents [83, 123]. In social



media, audience loyalty is often measured based on the engagements suggested from many
previous studies which showed a positive relationship between audience loyalty and engage-
ments [70], 162} 47, 19]. The loyalty of each audience can be measured based on their engage-
ments, hence the audience loyalty of a brand or influencer can be expressed as a retention

rate, which indicates how many audiences make returning engagement over time [135], 3].

2.4 Fake Followers and Fake Engagements

The authenticity of social media users is a measure of whether the social media account is real
or fake. Since the numbers of followers or engagements are often considered as popularity [44],
social media users can manipulate their popularity by purchasing fake followers or fake
engagements (a.k.a. link farming) [41], 149 [I5]. To understand and address this problem,
inauthentic user (i.e., bot) detection has been broadly studied [54, [125]. Many studies found
distinct engaging or following behaviors of bots that are different from authentic users. Sen et
al. [T49] exploit engaging frequency and topical information, Kudugunta et al. [95] suggest
encoding contextual information from user profiles with RNN, and Chavoshi et al. [28] focus
on synchronized behavior of inauthentic accounts to detect bots on social media. Recently,
Yang et al. [I75] propose a generalized and scalable bot detection framework optimized with

various validation sets.

2.5 Sponsorship Disclosure in Influencer Marketing

As influencer marketing has become a popular advertising method in recent years [105, 92,
10], several previous studies show the effect of disclosing sponsorship. Evans et al. [50] find
that sponsorship disclosure helps audiences recognize paid partnerships but lowers purchase
intention. Stubb et al. [I55] find that impartiality disclosure, e.g., adding “This is not spon-
sored post”, helps generate high influencer credibility. Moreover, Evans et al. [49] investigate
the effects of sponsorship text disclosure and sponsor pre-roll video advertising on YouTube.

They find that the sponsor pre-roll advertising help audiences to understand sponsorship



transparency. Yang et al. [I76] reveal that distinct characteristics of sponsored posts, e.g.,
less number of usertags, longer caption than non-sponsored posts, that help exclusive pro-
motion in advertising posts. Wojdynski et al. [I71] present a metric to measure sponsorship
transparency based on consumers’ perceptions. However, this study only uses a very small

number of sample posts and automated method has not been proposed.

2.6 Social Networks of Influencers

As influencer marketing receives a tremendous attention from marketers due to its effective-
ness, many researchers have studied various aspects of influencer social networks. Rios et
al. [138] presented a method to identify influencers in the social network that is built on user
activities. They used semantic analysis to filter out futile links to find influencers. Arenas et
al. [6] also proposed to use social networks of consumer reviews to find influencers. They
found that identified influencers have a larger scope on various categories with high centrality
than normal users. Kim et al. [90] built a social network of influencers based on their fol-
lowers and followees to understand social relationships among influencers. They found that
influencers with similar topics make clusters in the network and have more common followers
than other influencers with no common interests. Yang et al. [I76] presented the brand men-
tioning network that connects influencers and brands based on their brand mentioning tags.
They proposed a neural network model that can predict sponsorship of social media post

published by influencers by learning graphical features from the brand mentioning network.

2.7 Social Bot Detection

Bot detection in social media have been extensively investigated since bots can adversely
affect authentic users and companies [54]. Some previous studies focused on various sets of
features to represent bots on social media. Schuchard et al. [147] analyzed the properties
of user conversation networks such as centrality, node degrees, and communities to detect

bots. Varol et al. [163] presented a large number of high-level user representations including



friendship, network, sentiment, temporal, and language features, and evaluated the proposed
features using well-known learning algorithms. Wang et al. [I67] presented a clustering model
to group users with similar network structures. They used a sequence of events to build a user
network. Kudugunta et al. [95] proposed a neural network based bot detection model that

learns sequential embeddings of contextualized tweets by using a long short-term memory

(LSTM).

2.8 User Profiling on Social Media

Many scholars have studied the user classification (or user profiling) on online social networks
(OSNs) as social media has been grwoing explosively. Some researchers proposed a machine
learning-based user classifier on Twitter for three tasks, detecting users’ political affiliation,
ethnicity, and business affiliation [129, 130]. They employed the Gradient Boosted Deci-
sion Trees framework [57] as a classification model and learned four feature sets which are
profile features, tweeting behavior features, linguistic content features, and social network
features. The authors showed that the linguistic features which encapsulated users’ lexical
usage information show a robust performance. Hung et al. [75] proposed a tag-based user
profiling method for social media recommendation. The method finds a set of tags from
users’ profiles and posts and calculates weights for the tags to build the user profile. You et
al. [I78] focused on visual content to classify users’ interests and proposed a classifier that
learns from 748 Pinterest users’ photo albums. To profile a user, the authors analyzed the
users’ individual images and then aggregated the image analysis results to obtain the user’s
interest distribution. These studies used various information for classifying users in OSNs,
but most of the work paid little attention to use both textual and visual features in classi-
fying special individuals, influencers, on social media. Farnadi et al. [51] presented a deep
neural network that takes multi-modal features that represent user characteristics. They
extracted high-level textual information using LIWC [I31], facial information from profile
images using Oxford Face API [24], and a set of neighbors from a page like relationship

network using Node2Vec [65]. They introduced the power-set combination approach to ag-



gregate multi-modal information. However, the proposed features may not be applicable for
identifying the main interest of a given social media user because most features represent

high-level user characteristics.

2.9 Graph Neural Networks (GNN)

In recent years, Graph Neural Networks (GNN) [144] have been studied to apply the concept
of neural networks to the data with underlying graph structures. Among the various versions
of GNNs, Graph Convolutional Networks (GCN) [94] have gained massive attention due to
its effective convolutional filters that are able to capture both graph structures and neigh-
boring node features. However, it omitted the edge type and node type contained in typical
heterogeneous graphs which could be also very informative for producing the node/edge
representations. To incorporate multiple relational information on top of GCNs, Wang et
al. [168] propose the signed heterogeneous information network embedding (SHINE) that sep-
arates networks by link types to generate embeddings for each relation and then combines
all embeddings at the end. Since SHINE treats multi-relational information as multiple ho-
mogeneous networks, it fails to learn interactions between different types of relations. Graph
Transformer Networks (GTNs) [I79] introduces meta-path to learn interactions among mul-
tiple relations but the performance of the framework might be depending on the quality of
the generated meta-paths, which means bad meta-paths can easily propagate errors, harness-
ing the overall performance. Schlichtkrull et al. [145], on the other hand, propose Relational
GCNs (R-GCNs) which utilizes weight parameter sharing between different relation types
instead of considering multiple homogeneous networks. They apply weight matrix decom-
position to optimize a large number of parameters. In this way, they force interactions
between different relations, tackling the drawbacks of SHINE to some extent. Wang et
al. [169] propose Heterogeneous graph Attention Network (HAN) which applies the atten-
tion mechanism at the node-level and semantic-level to learn the importance of nodes and
meta-paths, respectively. While HAN is able to capture the knowledge from heterogeneous

information networks, it can also be dependent on the meta-paths, which suffer from the



same shortcoming of GTNs.

2.10 Graph Convolutional Recurrent Networks

Graph convolutional networks (GCNs) [94] are the neural network architecture for graph-
structured data. GCNs deploy spectral convolutional structures with localized first-order
approximations so that the knowledge of both node features and graph structures can be
leveraged. The robustness and the effectiveness of GCNs have already brought on successes
in many fields, such as recommender systems [177], computer vision [128], and popularity
prediction [165]. However, while real-world data that can be modeled as graphs dynamically
changes over time, temporal information cannot be easily captured from GCNs. To learn
the temporal dynamics of structural graphs, previous studies suggest to combine GCN and
recurrent neural networks (RNNs). Seo et al. [I50] propose the models that (i) stack up
graphs to make RNN inputs and (ii) consider convolutions in RNNs, which can learn a
sequence of structural information. They find that each model outperforms the other models
depending on applications such as video prediction and natural language modeling. Pareja et
al. [127] propose another approach to capture graph dynamics. Instead of using a sequence of
graph embedding as inputs of RNN, they first use RNN to acquire the knowledge of network
parameter dynamics. This approach can benefit in a case where a node dynamically appears

and disappears.

2.11 Multi-Task Learning

Multi-Task Learning (MTL) enables us to model multiple related tasks by sharing represen-
tations [143]. By jointly learning multiple related tasks, the knowledge acquired from one
task can be applied to other tasks hence improving the performance of all tasks. Moreover,
MTL also helps generalize the model by leveraging information from related tasks as an
inductive bias [25]. Thanks to such advantages, MTL has been used in many kinds of appli-

cations of machine learning such as computer vision [182], natural language processing [38],

10



speech recognition [91], and user profiling [92]. Our proposed framework has multiple tasks

that jointly learn representations from the multi-relational GCNs.

2.12 Multimodal Deep Learning

Multimodal deep learning [121] is the method that can effectively generate the joint repre-
sentations of different modalities by leveraging multiple sources of inputs. Since different
modalities usually carry different information, combining various types of information can
improve performance in learning tasks. The effectiveness of multimodal learning has led
other researchers to exploit multi modalities, such as speaker identification [137], social me-
dia user profiling [92], visual question answering [106], sentiment prediction [30], depression
detection [I51], and speech recognition [74]. Despite the excellent performance of multimodal
learning and the popularity of influencer marketing, no previous studies have yet adopted

multimodal learning to evaluate influencers on social media.
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CHAPTER 3

Analysis on Influencer Relationship in Social Networks

3.1 Background

Influencer marketing [61] that utilizes popular and influential users in online social media,
dubbed as ‘social influencers’, recently has gained a great attention as a new marketing
strategy [11], 68, [06]. Brands such as NIKE or Starbucks seek to advertise their products to
potential customers through such social influencers who may be known as experts and thus
can influence their followers [62], [66]. Social influencers are often regarded as special indi-
viduals who can create valuable content and/or have high reputations in specific fields [27].
A recent McKinsey article reported that social influencer marketing plays a great role in
attracting consumers to buy products [20]. Also, it has been reported that brands spent 121
billion U.S. dollars on influencer marketing in 2015 [153].

This in turn has led many researchers and firms to study various aspects of social influ-
encer marketing. Bhatt et al. found that a future purchase can be affected by the adoption of
the product by his/her friends, and this influence remains mostly local to first-adopters and
their immediate friends [I7]. Leskovec et al. showed that purchasing from recommendation
follows a power-law distribution, and most person-to-person recommendations do not spread
beyond the initial purchase of a product [99]. Goodman et al. proposed a social media val-
uation algorithm that evaluates the defined index values for bloggers to determine whether
the bloggers are influencers or not [64]. However, little effort has yet been paid to how social
influencers interact each other. Understanding how social influencers manage their social
relationships with other influencers and how they share common potential customers can

provide a valuable insight for brands who would like to effectively hire a set of influencers
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and maximize the advertising effect.

This paper presents the first attempt to analyze social relationships and interactions
among influencers in Instagram. By conducting a measurement study on Instagram, we
collected and analyzed 218 social influencers, who are followed by 8.9 M users, and regis-
tered in Popular Pays, a popular influencer marketing platform that connects brands and

influencers [67].

Using the collected dataset, we analyze (i) how social influencers establish relationships
with others, in comparison to general users in Instagram, and (ii) how social influencers inter-
act one another. We find that social influencers tend to (i) have a large number of followers
who are mostly their fans and potential customers of brands, (ii) follow other influencers and
make reciprocal social relationships with them, and (iii) share common followers with other
influencers. By exploring social relationships and interactions among social influencers, we
reveal that influencers who have higher node degrees and more bidirectional edges tend to
have more common followers with other influencers. We also show that influencers with
similar interests or same occupations tend to follow each other, have more interactions, and

have more common followers.

3.2 Dataset

We collected the information of 218 social influencers, who had participated in marketing
campaigns in the Popular Pays Instagram page. Popular Pays is a popular influencer mar-
keting company that connects brands and influencers in Instagram. Popular Pays selectively
posts advertising content created by their registered influencers. By crawling the Popular

Pays page, we could obtain their 218 registered social influencers.

To examine the relationships among social influencers in Popular Pays, we first fetched
the lists of followers and followees of the influencers. We collected 8.9 M followers and 167 K
followees of the 218 influencers. We then downloaded the html files of Instagram pages of all

the collected followers and followees to retrieve their profiles, e.g., their numbers of followers,
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followees, or posts. To analyze interaction among social influencers, we also collected all
the comments on content posted by the influencers. We obtained 13 M comments from the
325 K posts in the influencers’ Instagram pages. We also fetched the user profile pages of
the influencers to classify them into four major occupations: (i) photographers, (ii) bloggers,
(iii) designers, and (iv) others.

For the purpose of comparison, we randomly collected 948 Instagram users who have less
than 10 K followers. These ‘general” users have 378 K followers, 780 K followees, and 63 K

comments in their 158 K posted content.

3.3 Influencers vs. General Users

We first investigate how social influencers maintain social relationships with other users via
‘following’. Table [3.1] compares the influencers and the general users. Overall, as shown in
Table [3.1] the social influencers show significantly different characteristics in terms of their
connectivities or activities, in comparison with the general users. For example, influencers
tend to create more number of content, and they are likely to be followed by more number of
users than general Instagram users; influencers have 40 K followers and post 1,490 content
while general users have 400 followers and 117 postings on average. While influencers are
not likely to follow others, general users tend to have a large number of followees since they

often use Instagram to see images of celebrities or popular brands.

We also examine how different influencers share common followers and followees. Two
influencers, who share many common followers or followees, may have a strong tie in a
network. Asshown in Table[3.1] the influencers have 1.1 M common followers, which accounts
for 16.55% of total number of unique followers, while only 1.81% of followers are common
among general users. This implies that followers of influencers tend to also follow other
influencers as well. We also find that Influencers have more common followees than general
users; 20.16% of total followees are common across the influencers. Note that general users

tend to have a relatively high common followees because they often follow specific famous
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Table 3.1: A comparison between the influencers and general users.

Influencers General
Number of users 218 948
Avg. followers 40,322 400
Avg. followees 765 823
Avg. posts 1,490 117
Total followers 8,790,208 378,069
Total followees 166,837 780,435

Common followers

Common followees

1,104,999 (16.55%)
21,890 (20.16%)

6,689 (1.81%)
55,084 (9.63%)

Distinct followers 6,676,252 369,255

Distinct followees 108,580 572,137

Reciprocal users 63,687 135,189
Avg. followers of followers 1,040 1,704

Avg. followers of followees 82,735 107,474
Avg. followers of reciprocal users 17,739 1,756
Avg. # comments with parasocial users 0.19 0.01
Avg. # comments with reciprocal users 7.60 0.23

celebrities or global brands who may have more than 1 M followers.

We next focus on how influencers have reciprocal relationships with others. People tend
to have reciprocal relationships when they know each other or share similar interests. Thus,
reciprocal users may have closer relationships and more interactions than parasocial users.
The 218 influencers have reciprocal relationships with 64 K users, which indicates that
38.17% of influencers’ followees are reciprocal users. However, only 0.72% of followers are
also followed by the influencers. Considering the fact that 99% of followers of influencers are
parasocial, most users who follow influencers can be regarded as their fans. Interestingly,

general users tend to be more reciprocal with their followers than their followees, which

15



1.0

0.81
0.6 -
L
0.4 1
=@~ Followers of influencers
-‘- Followees of influencers
0.2 - == Reciprocal users of influencers
=3= Followers of general users
== Followees of general users
Reciprocal users of general users
0 o T T T T T

100 10! 102 103 10* 105 106 107 108
The number of followers

Figure 3.1: Number of followers of influencers’ or general users’ followers, followees, and

reciprocal (or bi-directional) users.

implies that general users are likely to have reciprocal relationships with their friends and
families, whereas general users may not be followed by their followees as they are often

celebrities or popular brands.

We next analyze how influencers frequently interact with other users by investigating the
number of comments on content posted by the influencers. As shown in Table[3.T], influencers
tend to have more interaction with their followers and followees than general users. We also
find that influencers have more interactions with reciprocal friends, who tend to have a large

number of followers, than parasocial users.

To investigate how followers, followees, or reciprocal (or bi-directional) friends of influ-
encers have many numbers of followers, we plot the distributions of numbers of followers of
influencers’ followers, followees, and reciprocal users, respectively, in Figure [3.1 We also
plot the numbers of followers of general users’ followers, followees, and reciprocal users, re-

spectively, in Figure We find that followers of both influencers and general users have
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Figure 3.2: An illustration of the influencer network. Influencers who participate in the
marketing campaigns form a mesh-style social network. Among 218 influencers, 212 of them

are connected among each other.

much smaller numbers of followers than followees of influencers and general users. This result
confirms that followers are mostly fans of influencers, and both influencers and general users
tend to follow famous people. Interestingly, the numbers of followers of reciprocal users for
influencers and general users are substantially different. The distributions for general users’
followers and reciprocal users are almost identical, whereas influencers’ reciprocal users have
a large number of followers. This reveals that influencers tend to have mutual relationships

with other influencers.

3.4 Connectivities among Social Influencers

In this section, we provide an in-depth analysis on how influencers are connected to each
other. It has been reported that new links are attached to nodes in proportion to the its

popularity [13], and users tend to connect to other users who are close in a network [I15].
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More specifically, we seek to answer the following question — How do two connected influ-
encers share common followers? Answering such a question can provide important insight
into homophily or synergy of connected influencers from a social influencer marketing per-

spective.

To investigate how social influencers are connected one another, we first define the notion
of the influencer network where a node indicates an influencer and a directed edge represents
‘following’. A weight on an edge from A to B represents the number of comments A writes
on B’s content. If A and B follows each other, the edge between A and B is bidirectional,
and the weight on the bidirectional edge is the sum of the number of comments left in other’s

content.

Figure [3.2] illustrates the influencer network. Different node colors represent the influ-
encer’s occupations (e.g., photographer, designer, etc.). A larger node indicates the more
number of followers the influencer has. The red edge between two influencer represents that
one influencer follows the other influencer while they have a blue edge if they follow each
other. The width of edges indicates the level of interaction, i.e., the number of comments.
As shown in Figure influencers are highly connected to each other. When we look at the
distributions of node degrees and link weights in Figure |3.2] we find that some influencers
have social relationships with more than 100 influencers, and nodes with higher degree tend
to have larger link weight values. On average, an influencer follows 25 influencers and has

written 322 comments.

To investigate how an influencer with different connectivities in the network share follow-
ers with other influencers, we plot the number of common followers shared by an influencer
(with different degree) with others in Figure . Each blue marker in Figure
represents the number of total common followers that an influencer has. As shown in Fig-
ure |3.3(a), if influencers have more connections to the other influencers, they tend to have

more common followers.

We next examine how two influencers with parasocial (uni-directional) or reciprocal

(bi-directional) relationships share common followers in Figure [3.3(b)l As shown in Fig-
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ure |3.3(b)|, two influencers who reciprocally follow each other have more common followers
than those with parasocial relationships. This may be because the bi-directional relationship
between two influencers may lead to expose postings to people who follow one influencer,

which results in following the other influencer as well.

We finally investigate whether influencers with same occupations share more common
followers than the ones with different occupations in Table As shown in Table [3.2]
among 218 influencers, 139 of them, which accounts for 64%, are photographers. The re-
maining influencers are composed of 37 bloggers, 13 designers, and 29 other occupations such
as actors or sports stars. Except the photographers, influencers with same occupations have
more common followers than influencers with different occupations. Bloggers have 2,477
common followers on average between two bloggers while they have 1,126 common followers
with photographers. Also, 72% of total edges among bloggers are bidirectional ones. This
implies that influencers who have similar interests or same occupations tend to share com-
mon followers, who may have similar interests. Note that nodes with same colors (i.e., same
occupations) tend to locate closely in the given network as shown in Figure . Photogra-

phers show somewhat disparate patterns compared to others since their interests or topics
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Table 3.2: Influencers who have same occupation tend to share many common followers.

Edges To
Photogra- Blog- De-
Edges Values Other(O)
pher(P) ger(B) signer(D)
From
Ed Bi% 348 (64.9%) | 193 (38.9%
p | #EAeesBIO) I gas (42.6%) (64.9%) (38:9%) | 304 (40.6%)
Avg. weigh 12. .
ve. weight 12.9 0 75 14.7
#Common 1,217.1 479.2
863.6 1,113.7
o | #Bdees(Bi%) | 446 (50.79%) | 161 (T2.0%) | AT (23.4%) | 90 (33.3%)
Avg. weight 11.1 18.7 3.7 45
#Common 1,125.5 2,476.6 678.4 435.1
o | #Edecs(BI%) | 134 (56.0%) | 16 (68.8%) | 8 (50.0%) | 23 (43.5%)
Avg. weight 12.5 19.9 30.0 17.2
#Common 643.7 2,036.6 6,842.6 1,339.1
o | #Bdees(B%) || 363 (441%) | 60 (50.0%) | 20 (50.0%) | 76 (47.4%)
Avg. weight 14.0 8.3 7.8 13.5
#Common 1,147.7 582.3 1,248.5 1,437.4

could be diverse. For example, fashion photographers might have closer relationships with

designers than food photographers.

In summary, influencers with similar interests or same occupations tend to follow and
interact each other, and hence those influencers with same occupations are likely to have
strong ties and form communities in the influencer network. The mutual ties between two
influencers eventually lead to a greater number of common followers, which in turn results

in their co-evolution in social influencer marketing.
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CHAPTER 4

Analysis on Brand Mentioning Behaviors of

Influencers in Social Networks

4.1 Background

Nowadays, social media has become an essential marketing channel. Companies have started
using social media to advertise products, increase brand awareness, and have better com-
munication with consumers. However, unlike traditional media, social media allows all users
to generate their own contents. Moreover, since it is well known that people trust friends’
recommendation more than brands’ advertisement [33], influencers can have more impact
on the audience for marketing than companies. As a consequence, companies utilize brand
mentioning by influencers to increase brand awareness and purchase intention of potential
customers [I02]. Therefore, it is important for companies to understand the brand mention-
ing behaviors of influencers thereby leveraging the advantages of social media as a marketing

channel.

Influencer marketing is one of the social media marketing strategies that utilize the brand
mentioning effect [44]. Since influencers are users with a notable number of followers [90],
companies can effectively advertise their products to the influencers’ followers if influencers
recommend the products with brand mentions. There are two types of brand mentions, the
sponsored brand mentioning (a.k.a., paid media) and the non-sponsored brand mentioning
(a.k.a., earned media) [154]. If influencers get paid from companies by mentioning the brands
then it is the sponsored mentioning. On the other hand, the non-sponsored brand mentioning

is what influencers mention brands’ names without having any sponsorship.
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Many researchers have studied on various social media marketing strategies including
influencer marketing or brand mentioning. Stephen et al. [I54] examined the effectiveness
of earned media and found that social earned media greatly affects sales compared to the
traditional earned media. It has also been studied that popular influencers are more lik-
able [44] and they are strongly tied and have common followers [90]. However, no study yet
has focused on the brand mentioning behavior of influencers and compared characteristics

of the sponsored brand mentioning and the non-sponsored brand mentioning.

In this work, we study brand mentioning practice on Instagram which is known as the
most popular social media platform for influencer marketing [I19]. We collect brand men-
tioning posts from Instagram and label them as either the sponsored or the non-sponsored
by examining the sponsorship indicator within the corresponding posts. We then build the
Brand Mentioning Network which is an information network of influencers and brands
who are connected by brand mentioning posts created by the influencers. By analyzing the
brand mentioning network, we reveal influencers’ brand mentioning behavior and character-
istics of the sponsored and the non-sponsored posts, so that we provide valuable insights for
influencers and marketers. Furthermore, we propose a neural network based model that can
classify the sponsorship of social media posts. Our model learns network structures of the
brand mentioning network as well as other node properties including the number of followers
and the number of hashtags. We find that the network embedding plays an important role to
detect sponsored posts. The experimental results show that Our model outperforms baseline

methods with 80% accuracy of classifying sponsorship of given posts.

4.2 Dataset

We collected influencers and brands data from Instagram. We first collected brand sponsored
posts, where influencers explicitly mention names of brands, to find influencers and brands
on Instagram. We only kept the influencers who are followed by more than 10,000 people,
because that is the generally required number of followers to be considered as an influencer

on Instagram. We then downloaded Instagram posts from the influencers and found all
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brand mentioning posts created by the influencers. Note that we define the user tagging
of a brand name in a post as brand mentioning in this study as user tagging is the widely
used function to mention a specific user on Instagram. We examined all usertags in the
influencers’ posts to find brand mentioning. We finally obtained 804,397 brand mentioning

posts that are created by 18,523 influencers and contain 26,910 mentioned brands.

According to the Federal Trade Commission (FTC)’s endorsement guides [40], influencers
are required to disclose brands’ name and sponsorship information when they post a paid
advertisement on social media. Based on the FTC’s guideline, we were able to further classify
the brand mentioning posts into sponsored and non-sponsored posts by checking sponsorship
indicators. On Instagram, influencers can provide the sponsorship information either by
marking a post as a sponsored postE] or using special hashtags that indicate sponsorship
(e.g., #ad, #sponsored, #paidAD). Therefore, we classified a brand mentioning post as a
sponsored post if the post contains one or more sponsorship indicators. We found 139,386
sponsored posts and 665,011 non-sponsored posts in our dataset. Note that we also fetched

Instagram profile pages of the influencers and brands to acquire the number of followers.

4.3 Brand Mentioning Network

To study influencers’ brand mentioning behavior and understand different characteristics
between sponsored posts and non-sponsored posts, we define the notion of the Brand Men-
tioning Network where a node is either an influencer, a brand, or a post. Influencer nodes
have edges to post nodes which represent a posting relation between an influencer and a
post, and post nodes have edges to brand nodes which account for a mentioning relation.
Figure shows an example of the brand mentioning network with an influencer node, two
post nodes, and two brand nodes. In the example, the Influencer A mentions the brand B
in the post 1 and both brand B and C in the post 2. Using our dataset, we build the brand

mentioning network which consists of 848,814 nodes and 2,000,023 edges.

'https://help.instagram.com/116947042301556

23


https://help.instagram.com/116947042301556

Figure 4.1: Example of the brand mentioning network.

4.3.1 Brand Mentioning Network Analysis

We first analyze the distributions (dist.) of brand mentions in the brand-influencer network
where post is not included, and each edge represents an unique mentioning relation between
an influencer and a brand. Figure shows the degree dist. of influencer nodes that
reveals how many brands each influencer mentions; and Figure shows that of brand
nodes describing how many influencers that mention the brand. Interestingly, these two
dist. are different: most influencers have medium low degree while brands’ degree follows
the power-law dist. In addition, 34% and 92% of influencers has the degree less than 10
and 50 respectively, and 0.5% of them has degree more than 100. This reveals that most
influencers tend to mention a limited number of brands in posts whereas only a few of them
mention lots of brands. On the other hand, the numbers are 73%, 94% and 2% for brands,
implying that there are more popular brands (e.g., Starbucks, Zara) mentioned by a large
number of influencers while most of the brands such as small restaurants or retailers have

been mentioned by a small number of influencers.

We also examine the number of brands mentioned in the sponsored posts and the non-
sponsored posts as shown in Figure and Figure We notice that most posts only
mention a few brands regardless of sponsorship of the post. Note that 79.3% of the sponsored
posts and 73.5% of the non-sponsored posts mention only one brand. We also observe that
the non-sponsored posts tend to have more brands mentioned compared to the sponsored

posts; 5.3% of the non-sponsored posts mention more than three brands while only 1.0% of
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Figure 4.2: Distributions of brand mentioning in the network

the sponsored posts do. That is because the sponsors want to have the exclusive mentioning

of their brand names by the influencers, in the paid advertisement.

We next investigate relationships between the brands and the influencers who are con-
nected through the post nodes in the Brand Mentioning Network. Figure 4.3|shows all brand
mentions in our dataset where each dot indicates a mentioning relation between an influencer
and a brand, and its color indicates the number of occurrence. We find that popular influ-
encers (e.g., millions of followers) are likely to mention famous brands while micro-influencers
(e.g., less than 100K followers) tend to mention any brands regardless of brand popularity.
This tendency can be possibly explained as the influencers often get paid from the brands

by mentioning brand names in their posts, and most small brands would not be able to
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Figure 4.3: Popular influencers who have millions of followers tend to mention more popular
brands than other brands with small number of followers. Micro-influencers tend to mention

brands regardless of brand popularity.

hire famous celebrities due to the limitation of marketing budget. We also observe that the
influencers tend to mention the same brand frequently if brands are popular; As shown in

Figure more popular brands have darker dots than the less popular brands.

4.3.2 Sponsored Posts vs. Non-sponsored Posts

In this subsection, we further compare the network-level and the post-level properties of
the sponsored posts and the non-sponsored posts to understand the effect of sponsorship on

brand mentioning behavior.

We first test the Spearman coefficient scores to measure the monotonic correlation be-
tween properties in Brand Mentioning Network as shown in Table 4.1 Here the degree of
brands indicates the number of posts that mention them; and that of influencer indicates the
number of mentioning posts they make. We have two observations as follows: (i) We find
that the sponsored and non-sponsored degrees of brands are positively correlated with the

number of followers of the corresponding brands. This reveals that popular brands tend to
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Table 4.1: Correlations between the brand mentioning network properties (*:p<0.01,

#¥:p<0.001)

Correlation Spearman coef.
Brand’s sponsored degree & # of Brand’s followers 0.29**
Brand’s non-sponsored degree & # of Brand’s followers 0.46**
Influencer’s sponsored degree & # of Influencer’s followers 0.09**
Influencer’s non-sponsored degree & # of Influencer’s followers 0.10%*

be mentioned and sponsor influencers more than brands that have less number of followers.
Although both coefficients show a positive correlation, the correlation of the non-sponsored
posts is stronger than that of the sponsored posts. This is because brands with a small
number of followers are less likely to be mentioned without sponsorship due to their low
brand awareness. (ii) We also find that the number of brand mentions by influencers is not
correlated with the number of followers of the corresponding influencers. This implies that
there is no significant difference between the brand mentioning behavior of macro influencers

and that of micro influencers.

We next analyze statistics of post attributes of the sponsored and the non-sponsored
posts. Figure |4.4] shows the histograms of the five post attributes: the number of likes, the
number of comments, caption length, the number of usertags, and the number of hashtags.
Interestingly, the sponsored and the non-sponsored posts have nearly identical user reactions,
in terms of the number of likes and comments, as shown in Figure and Figure ,
respectively. This suggests that disclosing sponsorship information in the paid advertisement
does not affect the number of likes or comments compared to the non-sponsored posts.
We find, however, that there are differences between the sponsored and the non-sponsored
posts when influencers create the posts. As shown in Figure , influencers write longer
captions in the sponsored posts than the non-sponsored posts since they probably want to

share detailed experience on the advertised products and recommend the products to their

27



> > >
2 . © 2
] \ o ]
= \ =] \ 3
=3 \ o o “
[ \ Q \ [ .
E / E \ & %
/ \ \
0 : - 0 ‘ — 0 —
10! 102 103 104 10° 10° 010° 10110210310410°10%107 0 100 101 10?2 103
(a) # likes (b) # comments (¢c) caption length
> >
2 e
@ @ Non-sponsored
= \ =
2 & o
)
0 0 Sponsored
0 100 101 102 0 100 10! 102

(d) # usertag (e) # hashtag

Figure 4.4: Histogram of post attributes

audience. We also find that influencers use only one usertag more in the sponsored posts to
disclose the sponsor name exclusively, and use more hashtags in the sponsored posts than
in the non-sponsored posts to expose names of brands’ marketing campaigns or sponsorship
information as shown in Figure and Figure . Note that there is a small peak in
Figure since those posts use the maximum number of hashtags which is set as 30 on

Instagram.

4.4 Sponsorship Classification

In this section, we propose a neural network model that can automatically classify the
sponsorship of posts by learning a network structure of the brand mentioning network as
well as node features in the network.

Our proposed model utilizes three sets of features as follows; (i) network feature which
is a network embedding of the brand mentioning network generated by using LINE [159] and
its dimension is 128, (ii) post feature which contains the five post attributes which are the

number of likes, comments, usertags, and hashtags, and caption length, and (iii) follower
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Table 4.2: Performance of sponsorship classification with different features. P, F, and N

indicate the post features, the follower features, and the network features, respectively.

Classifier | Features || Precision | Recall | F1 Score | Accuracy

P 0.633 0.840 0.722 0.677

Proposed P, F 0.673 0.783 0.723 0.699
model

N 0.712 0.799 0.746 0.731

P, F, N 0.795 0.819 0.806 0.803

P 0.638 0.853 0.730 0.684

Random P, F 0.715 0.846 0.775 0.754
forest

N 0.656 0.800 0.721 0.690

P, F, N 0.737 0.835 0.783 0.769

feature which describes the number of followers of influencers and brands. Note that we
normalize all values in the features with the maximum value of the corresponding feature

accordingly.

Our model takes the three sets of features of an input post as an input layer, and puts the
input into a single hidden layer which dimension size is set to 256. We then add a softmax

function to predict the sponsorship of the given input post.

In the brand mentioning dataset, we have 139,386 sponsored posts and 665,011 non-
sponsored posts. For training the model, we use the down-sampling to have the same number
of sponsored and non-sponsored posts. We then split the dataset into training set (80%) and
testing set (20%). We set a batch size as 128 and the number of epochs as 50 with the early
stopping. We evaluate the performance of our model with three different baselines that use
different sets of features; (i) only post feature, (ii) post feature & follower feature, and (iii)
only network feature. We measure the accuracy, precision, recall, and F1 score 10 times by
randomly splitting the labeled posts, and average the values. For evaluation purpose, we

also use a random forest classifier as the baseline.
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Table reports the evaluation results of classifiers with different sets of input features
and models. We find that the network features significantly improve the model performance
which suggests that brand mentioning behavior learned from the network plays an important
role in sponsorship detection. Note that our proposed model achieves 80% accuracy while
the accuracy of the model is below 70% without the network features. Our model also
outperforms to the baseline model which is the random forest classifier that utilizes the

same set of features.
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CHAPTER 5

Analysis on Influencer Fraud Behaviors in Influencer

and Audience Network

5.1 Background

Influencer marketing has become an effective word-of-mouth method that increases brand
awareness among numerous potential customers [44] 92]. The effectiveness of the influencer
marketing can be suffered from “influencer fraud” that can damage marketing campaigns
of companies [108|, [88]. That is, influencers may manipulate their influence by obtaining
more engagements on their posts using engagement bots that automatically generate likes
or comments on social media. Such influencer fraud needs to be seriously considered by
marketers since likes or comment counts are used directly as a measure of the success of
influencer marketing campaigns [73]. If an influencer hired by a company manipulates his/her
influence using engagement bots, the company obtains an advertising effect that is less than
what it paid to hire the influencer. In addition, users may lose their trust in influencers,

adversely affecting the influencer marketing industry.

Since bots often adversely affect users, companies, and marketers around social me-
dia [54], many researchers have investigated the characteristics of bots on social media,
such as conversational patterns and network properties [147], user profile and content sen-
timent [163], which can shed light on differences between bots and authentic users. Also,
there have been attempts to develop bot detection models by learning graph similarity [167]
or a sequence of contextualized information [95]. However, little attention has been paid to

developing bot detection models for influencer marketing, where such a model is useful to
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accurately assess the influence of each influencer.

To understand the behavior characteristics of bots in social media marketing, we first
conduct an empirical study on social media bots by comparing them with authentic audiences
of influencers. To this end, we build an influencer engagement network that is a social
network of influencers and their audience connected through social engagements, e.g., via
liking posts or commenting. In our study, the constructed influencer engagement network is

composed of 14,221 influencers, 9,290,895 users, and 65,848,717 engagements.

By analyzing the influencer engagement network, we identify a group of potential engage-
ment bots who generate tons of engagements to a large number of influencers but have zero
followers. We perform an in-depth analysis on the distinct characteristics of the engagement
bots and reveal that the engagement bots have lower local clustering coefficients in the in-
fluencer engagement network than normal users since the bots tend to engage in the posts
of random influencers while normal users usually follow influencers with similar interests.
Our analysis further reveals that the identified engagement bots tend to write short com-
ments, which are similar to each other, because they are likely to use a set of pre-populated

comments to automatically write comments.

Based on lessons learned, we propose a deep learning model that can detect the engage-
ment bots from influencers’ audiences. Our model learns contextualized information from
comments, engagement behavior, and structural information of the network by taking multi-
modal inputs including text features, behavior features, and graph features, respectively.
The experimental results show that the proposed model outperforms well-known baseline
methods by achieving about 80% accuracy. The results also reveal that all three input fea-
ture sets are useful to represent social media users while the behavior features play the most

important role in detecting engagement bots among the three input feature sets.

32



5.2 Influencer Engagement Network

5.2.1 Definition of Influencer Engagement Network

We define the notion of the influencer engagement network as a directed weighted graph
G = (V,E,W). In the given network, a node v € V represents a user who is an influencer
or an audience. Two nodes v; and v; in the network are connected if node v; engages in the
activities by node v;. That is, a directed edge e;; € E from v; to v; exists when the user v;
engages in a post published by the influencer v; through liking or commenting. Note that an
influencer can also engage in another influencer’s activities, therefore, edges can exist among
influencer nodes. Each edge e;; in the network has a weight value w;; € W which represents
the amount of engagements between two nodes v; and v;. We calculate the total number of
likes and comments that are generated by a node v; to a node v; to derive a weight value

’UJZ'j.

5.2.2 Engagement Data

To build the influencer engagement network, we use the Instagram Influencer Dataset [92].
The dataset contains 33,935 influencers and their 10 M Instagram posts published from 2010
to 2018, where 87% of the posts had been published in 2017 and 2018. In this study, we only
use the posts that were published after January 1st in 2017 from the original dataset. After
filtering out influencers who have less than 100 posts during the given time period, we use
the 6,244,555 Instagram posts published by 14,221 influencers who are followed by at least
10,000 users. We then identify a list of users who have engaged in the posts through liking
or writing comments. More specifically, we collect 65,848,717 engagements (21,374,920 likes
and 44,473,797 comments) generated by 9,290,895 unique users from the Instagram posts.
Note that each post in Instagram provides a partial list of associated users, and we exclude
all self-engagements in our study. In addition to the engagement data, we further collect the
number of followers for each user by crawling his/her Instagram profile page to examine the

characteristics of the users.
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Figure 5.1: Distributions of the number of followers of the engaged users.

5.2.3 Network Analysis

Based on the constructed influencer engagement network, we analyze (i) the number of
followers of users who engage in this network, (ii) the amount of engagements (i.e., weights
in the network), and (iii) the connectivity of the network, i.e., how a user or an influencer is
connected with other users and/or influencers, to understand engaging behavior of users in
the influencer engagement network. We further seek to identify a set of suspicious audience

in terms of engaging behavior, who can be considered as engagement bots.

5.2.3.1 Number of Followers of the Engaged Users

We first investigate the number of followers of the influencers’ audiences since influencers’
posts can be further propagated to the followers of the audience. In other words, influencers
can have more influence if their audiences have a large number of followers. Therefore,

understanding the size of the social networks of the audience is important in influencer

marketing. Figures [5.1(a)[ and [5.1(b)| show the distributions of the number of followers of

the engaged users by the cumulative distribution function and probability density function,
respectively. As shown in Figure |5.1(a)l we first find that around 20% of the engaged users

do not have followers. We denote this user group having no follower as the zero-follower

34



w

Y 108

c

0 107 l%

-g 10° s

< =

~ 1054 . r3

0o By s i [I8
10 g & H -

s 103 " E‘E o3

= 1 ; 4 3

2 10% SERe I

‘5 1011 SN E

[ - 1]

8 100_ . I T I U S e E

0 TS SR AT AT MRl 3 DU
E T N | T T T LA | T oo
= 10 10° 10° 107 108

Number of followers (Influencers)

Figure 5.2: Amount of engagements (i.e., weights in the given network) for all pairs of

influencers and users.

audience. The users in the zero-follower audience are active in engaging in influencers’
activities but inactive in having social relationships with other users. We particularly analyze
their engaging behavior in Section since some of the users in the zero-follower audience
are suspicious as ‘bot accounts’ [54]. The remaining audience excluding the zero-follower
audience follows a normal distribution whose median value is 557 as shown in Figure [5.1(b)|
Note that 46% of the engaged users have between 100 and 1,000 followers, and only 4% of

the engaged users have more than 10,000 followers who can be also considered as influencers.

5.2.3.2 Amount of Engagements

We next examine the amount of engagements (i.e., weights in the network) for all unique
pairs of influencers and users. The weight value refers to the total number of engagements,
thus, high weights indicate consistent and loyal engaging relationships between audience
and influencers. Figure shows the weights in different colors where red represents higher
weight values while purple represents lower weight values. Each dot in Figure indicates

engagements between a user and an influencer. We find that micro-influencers who have less
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Figure 5.3: Engagement behavior of influencers’ audience.

than 100,000 followers, in general, tend to have more active engagements with their audience
than macro-influencers who are followed by millions of users. This suggests that audience
of micro-influencers show more consistent and loyal engaging behavior than the audience
of macro-influencers. We also find that influencers actively interact with other influencers
through engagements. On one hand, most of the active interactions between influencers can
be found from influencers less than a million followers. On the other hand, influencers with
more than a million followers tend to receive engagements from normal users. This can be
due to that influencers with common interests tend to have interactions [90] whereas macro-
influencers, who are more likely the celebrities, are likely to focus on their own activities.
The result implies that advertising through micro-influencers can be more effective than
hiring a few macro-influencers since advertising posts published by micro-influencers are
further propagated to the social networks of engaged influencers. Additionally, we find some
users in the zero-follower audience show a substantially large amount of engagements. This

suspicious users with abnormal engagement behavior might be the social bots [54].
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5.2.3.3 The Degree of Engagements

To understand how a user engages in multiple influencers, we analyze the node degree of users

and their total number of engagements in Figures|5.3(a)|and [5.3(b)|, respectively. Since a user

node has directional edges from itself to engaged influencer nodes, its out-degree represents
the total number of influencers engaged by the corresponding user. As shown in Figure[5.3(a)l,
we find that users tend to have higher out-degrees if they have more followers. In other words,
influencers are densely connected with other influencers in the engagement network, whereas
normal users usually engage in activities of a relatively smaller number of influencers thereby
having lower out-degrees. The same tendency can be found in Figure Despite only
4% of the total audiences have more than 10,000 followers as shown in Figure [5.1] they

account for 78% of engagement relationships with more than 100 engagements.

Figure |5.3| shows that there are a set of users with high out-degrees and a large number
of engagements, but having no followers, unlike influencers. More specifically, this group of
users has different engagement behavior compared to other users as they are not socially
connected with other users but contribute a huge number of engagements to numerous in-
fluencers. This unique engagement behavior can be generated by social media bots [54].
To conduct an in-depth study on these suspicious user accounts, we set a threshold on the
node out-degree as 300, and assume that the zero-follower audience whose node out-degree
is higher than 300 can be considered as bots. In our dataset, 206 users in the network are

classified as (potential) bots.

5.2.4 Fake Engagement by Bots

Understanding the characteristics of the potential engagement bots can be useful in iden-
tifying influencers who are involved in fake engagements. To this end, we analyze distinct
attributes of the potential bots in terms of their (i) local clustering coefficient and (ii) com-

menting behavior.
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5.2.4.1 Local Clustering Coefficient

It is a widely observed property of social networks that a node’s friends are often themselves
friends in the network. This property is also observed in the influencer engagement network
where a user engages in the influencers who themselves have interactions through engage-
ments. To examine how normal audiences and potential bots show different engagement
behavior, we calculate the local clustering coefficient of each node in the engagement net-
work. Note that the local clustering coefficient of a node represents the ratio of friendship
between the node’s neighbors to all possible pairs of neighbors. Suppose user i engages in a
set of influencers N (i) = {j|(i,7) € E} where E is the edge set in the engagement graph G.

Then the local clustering coefficient of user ¢ can be calculated as follows:

 Heme Eljke NG
FO = O8> (NG = 1) = 2

Figure|5.4] shows the local clustering coefficients of the influencers, the normal audiences,

and the potential bots, respectively. We first find that the potential bots tend to have

lower clustering coefficients than normal users. Note that most of the potential bots have
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the clustering coefficients lower than 0.2. This is because normal users tend to follow or
engage in a group of influencers with similar interests, hence having active social interactions
among the influencers. On the other hand, the potential bots are likely to engage in random
influencers thereby having little interactions between their neighbor nodes. We also find that
the influencers have significantly higher clustering coefficients than other users. This confirms
that influencers form clusters in the engagement network by liking or writing comments to
posts published by other influencers. As reported in [90], influencers actively tend to interact
with other influencers to get attention from followers of the other influencers and ultimately
increase their followers. The active engagement behavior of the influencers also helps their
posts to be exposed to a set of users who may like or comment on the same posts that the

influencers already posted.

5.2.4.2 Commenting Behavior

To analyze distinct commenting behavior by potential bots, we next investigate all the
comments on the influencers’ posts. Note that we have 44,473,797 comments in our dataset
and we discard influencers’ self comments on their own posts in this analysis. We first analyze
the length of the comments as shown in Figure p.5(a)] We find that potential bots write
short comments on the influencers’ posts than other normal users. The average length of
comments written by the influencers, the normal audience, and the potential bots are 27.0,
29.7, and 17.5, respectively. This implies that the potential bots write comments with simple
expressions such as “Nice picture!” whereas normal users tend to have more information
or their feelings on their comments, for example, “Like your dress! Where did you buy
it?” thereby having longer comments than the bots. We also find that the influencers have
smaller variance on the average comment length than the normal audience, although they
have similar average values. This suggests that the influencers are not likely to use simple
emojis or a single word on their comments, which are often used by the normal audience, to

interact with other influencers.

We next investigate the uniqueness of the comments written by users and bots. Since
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Figure 5.5: The potential bots tend to write short comments and have very low comment
uniqueness since they use a set of pre-populated comments to automatically make engage-

ments to other social media users.

social media bots usually use a set of pre-populated comments, the exact same comments by
a single bot can be attached to the influencers’ posts. The normal users, on the other hand,
write comments by themselves, therefore comments are likely to be different from each other.
Suppose user ¢ writes a set of comments C(i) = {cn}gll, where |C"] indicates the number of
comments written by user . We then define the comment uniqueness of the user H (i), the

rate of the number of unique comments to the total number of comments, as follows:

4 {cx € Cley = ¢y, ¢y € C'Y|
ey

H()

For example, a user has the comment uniqueness as 1 if all of the comments written by
the user are different from each other. If a user uses the same set of comments repeatedly
then the user has the comment uniqueness as 0. Figure shows the distributions of the
comment uniqueness values for the influencer, the normal audience, and the potential bots,
respectively. We find that the potential bots have significantly lower comment uniqueness
than the normal users. Note that the average comment uniqueness of the influencers, the
normal audience, and the potential bots are 0.88, 0.87, and 0.47, respectively. This result

confirms that the potential bots engage in influencers by using the same set of comments

40



Fully

Comments connected
m BERT "= CT Softmax
i -

-2 >O ) Comment Attention
Uniqueness embeddings

H

- Prediction
[ Cn >Lng>th > >® QO | =0

Clusterlng

—>O Graph
embeddlngs
coefficient L
Engagement Walk
network

Figure 5.6: The overall architecture of the proposed model for detecting engagement bots.

rather than creating a new comment for each post.

5.3 Engagement Bot Detection

In this section, we propose a deep learning model that can detect engagement bots from a

numerous audience who engages in the posts of influencers.

5.3.1 Model Description
5.3.1.1 Model Architecture

Figure illustrates the overall architecture of the proposed model for detecting potential
engagement bots. The aim of the model is to detect engagement bots from audience data by
learning their social relationships and engagement behaviors. The proposed model utilizes

three sets of input features including text features, behavior features, and graph features.

To model contextualized information from comments written by the audience, we apply
the pre-trained neural language model, BERT [46]. The BERT takes all comments of a user

i, C(i) = {c1,co,- -+ ,cn}, and generates the comment embedding whose dimension is 768.
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Note that we set the sequence length of an input comment as 100 since most comments
have their lengths shorter than 100. We then apply the attention mechanism [8] to give
more weights on more important comments to represent each user. The attention layer
projects the comment embeddings into a hidden space and estimates the importance score
of each comment. We finally obtain the text features, T;, by using a weighted combination
of comment embeddings and corresponding scores. We set the dimension of the text features

as 128.

The proposed model also exploits the behavior features, B;, to capture distinct engage-
ment behavior of bots from the normal audience. The behavior features contain the three
engagement properties, the comment uniqueness, the average comment length, and the local
clustering coefficient, analyzed in Section [5.2.4, We compute the property values of each
user by taking user comments and the structural information of the engagement network,

then concatenate the values to generate the behavior features.

In addition to the text and behavior features, we also encode the influencer engagement
network to learn social relationships based on the user engagements. To generate a graph
representation, G;, we use DeepWalk [132] that employs short random walks from nodes in
the network. Note that we set the number of walks, the length of the random walk, and the

dimension of the graph embedding as 10, 20, and 64, respectively.

We concatenate the three sets (text, behavior, and graph) of each user representation, and
add a fully connected layer with the Rectified Linear Unit (ReLU) as the activation function.
The dimension of the hidden layer is set to 128. Finally, we utilize the cross-entropy for the

loss function to detect the engagement bots.

5.3.1.2 Training Procedure

Since the number of users who are considered as potential bots is highly imbalanced to
the total number of audience in our data, we use both oversampling and undersampling
techniques to have balanced training data. More specifically, we first apply SMOTE [29] to

the 206 bot accounts to make 10,000 samples. We then undersample normal users to have
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Table 5.1: Performance comparison with well-known baseline methods. Features 7', G, and

B represent the text features, the graph features, and the behavior features, respectively.

Method Features | Precision Recall F-1 score Accuracy
SVC All 0.783 0.720 0.750 0.755
RandomForest All 0.792 0.760 0.776 0.776
T.G 0.714 0.652 0.682 0.689

B.,G 0.750 0.652 0.698 0.711
Proposed Model
T,B 0.762 0.696 0.727 0.733

All 0.826 0.760  0.792 0.796

the same number of samples with the bot accounts. After making the balanced dataset, we
split our data into training and testing sets with 8:2 ratio. We set the number of epochs and
the learning rate as 100 and 0.0001, respectively. Note that we do not use follower counts
of the users in the engagement network, which are directly implicated for identifying bot

accounts, to prevent information leak in the training procedure.

5.3.2 Experiment Results

Table shows the performances of the proposed model and two well-known baseline meth-
ods including the Support Vector Classifier (SVC) and the Random forest. To evaluate the
performance, we use the precision, recall, F-1 score, and accuracy as evaluation metrics.
As shown in Table we find that our model outperforms the baseline models that use
the same sets of features with the proposed model. This suggests that the proposed neural
network is more effective in capturing useful features for detecting possible engagement bots

than others.

In addition to the performance comparison with the baseline methods, we also conduct
experiments with different sets of input features to analyze the importance of the different in-

put features. We measure the performance of the model by excluding one set of features from
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the text, behavior, and graph features, respectively. The results show that the performances
of the proposed model without one set of features are lower than the baseline methods. This
implies that all three sets of features efficiently represent the distinct characteristics of the
engagement bots from normal users. We find that the behavior features are more effective for
detecting the engagement bots than the text and graph features. Note that the performance
losses are observed in the F-1 score of the behavior, text, and graph features as 13.9%, 11.9%,
and 8.1%, respectively. This reveals that the comment uniqueness, the average comments
length, and the clustering coefficient values in the behavior features are important predic-
tors in capturing the engagement behavior of bots. Moreover, the text features, which are
the attentive comment embeddings, also can exhibit distinctive commenting patterns of the
engagement bots. The graph features, on the other hand, show relatively less performance
loss than the other features. That is probably because a few normal users tend to have high

out-degrees thereby having similar graph representations with the engagement bots.
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CHAPTER 6

Multimodal Post Attentive Profiling for Influencer

Marketing

6.1 Introduction

Influencer marketing [61], which utilizes special individuals in social media, has gained great
attention from brands. Brands expect to promote brand awareness and advertise products to
social networks of influencers [105], 82, (53], 161, 66], who have ‘influence’ over a large number of
followers 10, 27], since customers are often more likely to trust influencers’ recommendations
than brands’ advertisements [33, 122], [161]. Tt has been reported that the global influencer
market value was estimated to be 2 billion U.S. dollars as of 2017 and will increase to 10
billion U.S. dollars by 2020 [42]. The growing interest in influencer marketing has led many
social media users to participate in marketing campaigns and create advertising content [76].
For example, Instagram influencers created 9.7 million brand-sponsored posts in 2016, and

the volume will reach to 32.3 million posts in 2019 [56].

Due to its popularity, brands tend to increase their budgets for influencer marketing [98],
and researchers have started studying various aspects of influencer marketing such as roles
of influencers in social media [44], 50, 00, 157, 105, 82]. However, big challenges remain
for both brands and researchers in the rapidly growing market. So far, most brands have
relied on influencer marketing agencies to hire influencers, but such agencies usually have a
limited number of influencers who registered in their services, which may limit the chance
to find more proper influencers, i.e., influencers who work with other agencies or did not

register to any marketing agency are not considered [I13]. Also, previous studies on in-
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fluencer marketing mostly relied on small datasets that are acquired through surveys of
influencers [44, 50, [105] or finding a few influencers on Instagram [82] 90, 157] due to lack of

available influencer data.

We, therefore, believe developing an influencer profiling model that can classify influ-
encers with specific interests can provide valuable information for brands in their influencer
hiring process or marketing strategies. Furthermore, constructing a large-scale and infor-
mative influencer dataset using such a model can foster researchers to conduct in-depth
research, for example, analyzing the influencers-brands relationship, targeted audiences’ re-
sponses, and influencer marketing effectiveness, as well as building efficient recommendation
systems. Consequently, such research will enable brands to understand how to initialize
influencer marketing campaigns, manage relationships with influencers, and effectively pro-
mote advertisements through influencers. Also, an influencer profiling model enables brands
to easily find influencers for their marketing campaigns, without hiring them from marketing

agencies.

To shed light on the above issue, we propose a multimodal convolutional neural network
model that uses text and image information to classify influencers into specific interests
such as beauty or travel. More specifically, our model takes the text and image features
from social media posts published by an influencer to generate an influencer embedding by
using the attention mechanism. The attention helps find posts that are more relevant to
the influencer’s topic, thereby obtaining a better influencer representation than existing user
profiling methods [129] 130, [75, 178, 51]. In addition to the influencer classification task, our
model also classifies all posts into certain post categories (e.g., fashion, food, or interior). In
our work, we use Instagram as our research context since it is the most popular social media
website for influencer marketing [I18]. We define a (special) individual as an influencer if
he/she has more than 1,000 followers, which is the minimum number of followers required in
influencer marketing in general [114]. Note that our model can be generalized and applied

to any social media (e.g., Facebook, Twitter, Pinterest), where users post images with texts.
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6.2 Multimodal Post Attentive Influencer Profiler

In this section, we first state the problem to describe the objectives of our proposed model.
we then present the proposed framework to classify both influencers and their posts by taking

text and image features from posts.

6.2.1 Problem Statement

Here we formally define the goal of this paper. Given the social media posts of an influencer
P = {p1, - ,pn}, we aim to classify the influencer into the corresponding category of ¢ €
C, where C is the classification space of categories. Moreover, each social media post p;
multimodally consists of a raw image p! and a piece of texts p!. More specifically, a raw
image can be considered as a tensor of pixel values while texts of a post are an ordered lists

of tokens.

6.2.2 Framework Overview

Figure shows the overall schema of the proposed model, Influencer Profiler. The mul-
timodal post encoder first encodes a set of posts of a given influencer to generate the post
representations. The post encoder takes text and image from a post and obtains text fea-
tures and image features by using pre-trained models, BERT [46] and Inception-v3 [I58],
respectively. The post encoder concatenates the text and image features to make a post
representation. Next, the post attention layer takes post representations as an input and
calculates a score for each post. The distribution of post scores is then used to output
the influencer representation. Finally, our model predicts the category of a given influencer
based on the influencer representation. Our proposed model is also capable of predicting the

category of a social media post by learning the post representations.
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Figure 6.1: The overall schema of Influencer Profiler.

6.2.3 Multimodal Post Encoder

To leverage the multimodal knowledge in posts, we propose the multimodal post encoder to
derive a continuous representation for each post of the influencer using both text and image
information. Figure [6.2] illustrates the architecture of the multimodal post encoder. Texts
are encoded by a pre-trained BERT model [46] as text features while the image features of

a post are derived by a pre-trained Inception-v3 [15§].

Image Features. To generate post image features of a post p;, we use the pre-trained
Inception-v3 [I58] model. We apply the transfer learning technique using the pre-trained
model instead of training the model from scratch because the number of manually labeled
posts is relatively small. In the transfer learning, the parameters on frozen layers are fixed and
never updated. We fine-tune only the top 2 layers because those are what directly influence
on the determination of the category, and we want to keep the same trained low-level feature

detectors in the hidden layers, which was trained with much larger and more robustly spread
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Figure 6.2: The architecture of the multimodal post encoder.

dataset (ImageNet [45]). ImageNet contains 1 M images in 1,000 classes, which covers quite
a variety of categories. In the image feature network, there are 49 hidden layers. We add a
global spatial average pooling layer on top of the original output layer of Inception-v3, then
add a fully-connected layer with the rectified linear unit (ReLU) activation function after

the pooling layer to generate an image feature vector, ¥, which has 1,024 dimensions.

Text Features. We exploit the pre-trained text model to derive text features. We use
the BERT [46] model, which has 12 layers with 110 M parameters because it can capture
contextualized information from text by applying the bidirectional transformers in the train-
ing procedure. We set the maximum sequence length as 128 and use only the last layer to
obtain the text features. We then select the output of [CLS] token which is inserted at the

beginning of an input sentence. Finally, output text feature vector x; for a post p; has 768
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dimensions.

After deriving the image and text features, the ultimate feature vector can be derived by

concatenating the features of two resources:

I:BT]

[REad W

x; =[x
Finally, the continuous representation wv; of the post p; can be derived as:
v; = ReLU (F (z)),

where F () is a fully-connected layer; ReLU(+) is the activation function.

6.2.4 Post Attentive Influencer Encoder

The influencer encoder generates a continuous influencer representation by taking a set of
post feature vectors {vy,va, -+ ,v,}, We use the attention mechanism [§] to obtain the
influencer embedding since all posts are not equally important to represent the category
of the given influencer. For example, a small number of beauty posts published by a food
influencer may not be very important to decide the influencer class. Instead, food posts
should be considered as more important posts for classifying the category of food influencer.
Therefore, the attention mechanism can be applied to weigh higher scores on more important

posts.

For each post p; of the influencer, a fully-connected layer with an activation function is

first applied to project the post features into a hidden space as:
r; = tanh (F, (+)),

where F,(-) is a fully-connected later; tanh(-) is the activation function. A trainable context
vector r¢ is then exploited to estimate the importance a; of each post p; with a softmax

function as:
exp((r;, r°))

NS exp((ry,re))
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where (r;, r;) denotes the inner-product of r; and r;. Finally, the influencer representation

h can be constructed by a weighted combination of post features as:

h:Zai-vi.

Influencer Classification. Based on the influencer representation h, the logits of influencer

classification can be computed as:
g = F(ReLU(F,(h)),

where a fully-connected layer Fj(-) and the activation function ReLU(-) perform a non-
linear transformation while another fully-connected layer F;(-) infers the ultimate logits of

categories for influencer classification.

6.2.5 Auxiliary Post Classification

In addition to influencer classification as the main task, we propose to improve the model
by considering an auxiliary task. More specifically, our proposed model further classifies
each post of the influencer into a post category ¢, € C,. Note that the classification space
of auxiliary post classification C, is not necessary to be identical to the space of influencer
classification C. If the post features are effective enough for post classification, the knowledge

in the auxiliary task can be also leveraged to the main task of influencer classification.

By taking the representation v; derived from the post encoder for each post p;, the model

computes the logits of post classification as follows:

A

yi = Fp(ReLU(F(vi)),

where we conduct a non-linear projection with a fully-connected layer F(-) and an acti-
vation function ReLU(:); another fully-connected layer F,(-) generates the logits for post

classification.
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6.2.6 Multi-task Learning

In this work, we learn the Influencer Profiler with multi-task learning for both tasks of

influencer classification and post classification.

For influencer classification, we treat the task as a multi-class classification problem
and utilize the cross-entropy [63] as the loss function. More precisely, the loss function of
influecner classification as the main objective can be computed as:

10SSmain = ZP(C | y)log P(c| 9),
ceC
where P(c | y) is the ground truth class distribution; P(c | haty) is the estimated probability

for the influencer category ¢ by the logits ¢ and a softmax function.

As an auxiliary task, post classification can be also treated as a multi-class classification.

Hence, the loss function of post classification can be written as:
lo8Saux = Z ZP(C | y?)log P (c | 97),
piEP ceCp
where P (c | y?) is the ground truth class distribution for the post p;; P (¢ | §¥) can be also
estimated by a softmax function.
Finally, the ultimate objective for multi-task learning can be a combination of two loss

function as:

loss = 10SSain + 10SSaux.

6.3 Data Collection and Annotation

In this section, we first describe our dataset used in this paper. We collected Instagram posts
that contain images, texts, and meta-data (e.g., tags, numbers of likes and comments), and
user profiles (e.g., biography, number of posts, numbers of followers and followees). We then

illustrate how we define categories of influencers and categories of posts.
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6.3.1 Dataset Collection

To collect the post and user data of Instagram influencers, we first need to find user names
of influencers. Since there is no function to find influencers on Instagram, we employed the
following data collection process that includes the three steps: (i) collecting user names of
potential influencers by searching posts that contain specific hashtag(s) which are widely
used by Instagram influencers, (ii) filtering out users with less than 1,000 followers, and
(iii) downloading posts including images and texts from the collected influencers. Note
that we followed the social media data collection ethics by collecting only public posts and
anonymizing the dataset [I60]. To this end, we removed personal information from users’
profiles and converted Instagram user names to random integer numbers using a hashmap.
We used a third-party Instagram API called InstaLooter [97] to collect the post and user

data from Instagram.

As the first step of our data collection, we searched posts with hashtag(s) to collect user
names of potential influencers. According to the FTC’s Endorsement Guides [40], influencers
are required to disclose brand information by explicitly mentioning ‘paid advertisement’ and
their relationships with brands if they advertise brands’ products. Thus, on Instagram,
most influencers are likely to use particular marketing related hashtags, for example, #ad or
#sponsored, to indicate that the posts are paid advertisements, or are likely to use usertags to
disclose the brand names. Therefore, we collected Instagram posts that contain the hashtag
#ad which is the most commonly used hashtag for influencer marketing on Instagram.
Note that we use the hashtag #ad to find influencers with diverse interests because this
hashtag is widely used regardless of types of influencers. The other hashtags (e.g., #00TD,
# EatingForThelnsta) also can be used in finding potential influencers in certain categories.
As of October 2019, there are 10,372,177 Instagram posts that contain #ad. We periodically
queried the hashtag #ad in every 10 minutes, and downloaded meta-data of newly updated
posts that contain Instagram user names. Note that a search result page displays all the

public posts with the queried hashtag, which are displayed in the chronological order by the
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Figure 6.3: Distributions of numbers of followers, followees, and posts of Instagram users in

the collected influencer dataset.

posting dateﬂ. We had collected the data for 92 days from October 1st, 2018 to January
1st, 2019, which contains 828,045 posts by 107,656 unique Instagram users who may be

potentially influencers.

Since any user can use the marketing-related hashtags in their posts even if they do not
work with brands, the obtained data may have a possibility of containing the mixture of
posts by influencers and non-influencers. Hence, we filtered out those non-influencers who
have less than 1,000 followers in the second step of our data collection. By downloading
an HTML page of each user which includes his/her biography and number of followers, we
could examine the number of followers of each user, and narrowed down to 81,928 users.

We further excluded users who had less than 300 posts. Finally, our dataset includes 33,935

'https://help.instagram.com/3559326645938467helpref=faq_content
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influencers. Figure shows the distributions of numbers of followers, followees, and posts
of the obtained influencers. Notice that the portions of influencers who have followers less
than 10,000, 25,000, and 50,000 are 37.38%, 60.22%, and 73.77%, respectively, and they
are often dubbed as micro-influencers [I114]. This result confirms that micro-influencers are
actively participating in influencer marketing on Instagram, and brands are likely to work

with them to reach targeted audiences.

In the last step of our data collection, we collected the post information of identified
influencers. We downloaded 300 recent post information of each influencer, which includes
image files and their meta-data information. We only used the latest 300 posts to reflect
influencers’ recent interests; an influencer could have changed his/her interest (e.g., fashion,
travel) a long time ago, which can possibly lead a misclassification of the current influencer’s
category. Also, 300 posts for each influencer are sufficient to accurately classify the influencer
category. The meta-data of a post contains a caption, hashtags, usertags, time-stamp of
posting, number of likes, and associated comments. We finally obtained 10,180,500 posts

from 33,935 influencers.

6.3.2 Category Identification

Influencer Categories. The number of followers of an influencer is one of the important
factors to evaluate the influencer [10]. It is widely used to categorize the types of influencers,
e.g., micro-influencers or macro-influencers [87]. In addition, topics (or categories) that
influencers are interested in are also a crucial factor in evaluating influencers for a marketing
purpose; influencers are expected to be experts in a specific topic that brands are interested
in. Therefore, brands seek to find influencers who are specialized in specific fields to reach

the target audiences effectively.

In this work, we define major categories of influencers based on the topic modeling.
As influencers tend to introduce themselves by describing their interests in biography, we
apply the Latent Dirichlet Allocation (LDA) topic model [I66] to the biographies of the

33,935 influencers in the dataset. We first found ten topics, each of which is composed
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Figure 6.4: Example images of Instagram posts of influencers in the eight influencer cate-

gories.

of ten words, and then manually selected the most proper words that can represent the
topics of influencers’ interests. In other words, we removed the words that cannot represent
influencers’ interests such as ‘influencer’, ‘blogger’, ‘loving’, and etc. We finally identify
eight major categories of influencers, beauty, family, fashion, fitness, food, interior, pet, and
travel, as shown in Figure[6.4l To verify whether our identified eight categories are applicable
to actual influencer marketing on Instagram, we investigated over 30 influencer marketing

companies, e.g., H YPHEL DeepSocialEL to examine how they identify influencer categories.

Post Categories. While we categorize topics of influencers into the eight categories, we
define 10 categories of posts, which are the same categories of the eight influencer categories
and two additional post categories including product and other. We add the product post

category, which contains only products (e.g., cosmetics, fashion accessories, electronics) in

Zhttps://hyprbrands.com/

3https://deep.social/
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the photo because many influencers often use product photos for advertising purposes. Posts
that are not classified into any category, e.g., music, sports, arts, or humor posts, are labeled
as other category. Note that categories are not limited to the classes proposed in this paper,

and can be easily added as needed.

6.3.3 Category Labeling

Influencer Labeling. We manually label influencers by examining their biographies and
posts. We make two sets of labeled influencers for (i) training and validation and (ii) testing.
In the first set, we label 200 influencers in each one of the eight influencer categories, which
makes 1,600 labeled influencers in the first set. We then split the set into 8:2 for training and
fine-tuning the model. While the first set is balanced to avoid biased results, we randomly

select and label 1,142 influencers in the second set for testing purposes.

Post Labeling. To train data for the post classifier, we randomly select posts of the
influencers from our dataset, and then manually label them into one of the 10 categories.
Note that we do not take account of the posts that do not contain any text in the caption.
Then, we obtain more than 1,000 posts for each post category and select 1,000 posts, which
contain images as well as their captions, in each post category. Finally, we have 10,000

labeled posts.

6.4 Experiments

6.4.1 Experimental Setting

We use TensorFlow [1] to implement our proposed model. We set the dimension size of the
output of the post encoder as 256. For training the model, we set learning-rate as 1073
and dropout probability as 0.5. The batch sizes for the post encoder and the influencer
encoder are set as 128 and 16. We apply the heavy data augmentation to all images in our
dataset by spacial rotation, spacial shifting, flipping, zooming, and channel shifting as a data

preprocessing.
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6.4.2 Baseline Methods

To evaluate the performance of our model, we consider two categories of baseline methods:

(i) Feature and (ii) Model.

6.4.2.1 Feature baselines

In this category, we have four user profiling baseline methods that exploit different sets of
input features from our model, to understand the importance of proposed text and image
embedding to represent an influencer. (i) Tag method [75] uses tag information to classify
social media users. We extract hashtags, usertags, and URLs in captions and find high
ranked tags to implement this baseline. Here, we set the number of top tags as 50 for each
influencer category. (ii) TextésSocial method [129) 130] has four feature sets: social media
profile, posting behavior, linguistic content, and social network features. To generate each
feature, we (i) extract category-specific keywords in users’ biographies for the social media
profile feature, (ii) analyze posting interval and the number of total posts of users for the
posting behavior feature, (iii) find prototypical words from users by estimating conditional
probability of a word in a given for the linguistic content feature, and (iv) find the followers
and following counts for the social network feature. (iii) User method [51] uses textual
characteristics of captions, image features from profile pictures, and neighbor information
based on like relationship. We use the first two features as the following user information is
not available in our dataset. (iv) Image method [I78] classifies users’ interest by using CNN
based image classifier. We exclude the text input layer and use the only image input layer

to implement this baseline method.

6.4.2.2 Model baselines

In this category, baseline methods take the same input features as our proposed model
but use different machine learning approaches. Therefore, we can evaluate the novelty of our

proposed model. We use the following four well-known learning methods: (i) Gaussian Naive
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Bayes, (ii) K-Nearest Neighbors, (iii) SVC, and (iv) Random Forest. Note that we aggregate

all post features by averaging values since the input layer has multiple post features.

6.4.3 Experimental Results
6.4.3.1 Influencer Classification

We first evaluate the performance of the influencer classification task. Table|6.1{shows overall
classification accuracy and F'1 score of each influencer class. In the Feature baseline methods,
Tag method shows 71.1% accuracy and the lowest F1 scores in most influencer categories
since tags from posts are insufficient to represent the category of influencers. Texté4Social
and User methods improve classification performance by taking features from captions,
biographies, and profile images. However, these baseline methods have poor F1 scores in
specific influencer categories (e.g., fitness and pet). On the other hand, Image method has
90.02% accuracy and higher F1 scores than other baseline methods in the same category. This
suggests that image information is more informative than other social media information for
representing influencers’ interests. The baseline methods in the Model category show better
classification performance than Feature baseline methods. Note that all four baselines have
around 94% accuracy. This implies that our proposed input features play a significant
role in classifying influencer categories. Finally, Our proposed model, Influencer Profiler,
outperforms all the baselines by achieving 98.32% accuracy. This is because our model uses
the distribution of attention scores to focus on more important posts that can represent
influencers. The model baselines, instead, use average values of posts which can lead a

classifier to make a wrong decision by considering all posts equally.

The number of posts. We next examine how many posts are sufficient to accurately
classify influencer categories. The computation cost will be remarkably reduced if we can
classify influencers correctly with only a small number of posts. Figure 6.5 shows the influ-
encer classification accuracy of the proposed model and baseline methods with a different

number of input posts. The result reveals that the proposed model performs well with a
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Table 6.1: Model performance: influencer classification results with our proposed model and
the eight baseline methods. The proposed model outperforms all the baseline methods across

all influencer categories.

F-1 Scores on Different Influencer Categories

Model Type Model Accuracy

Food | Interior | Pet ‘Travel

Family ‘ Fashion ‘ Fitness

Beauty

Tag|75] 71.10% 0.606 | 0.656 0.735 0.739 | 0.877 | 0.540 | 0.780 | 0.716

TextéSocial[129] [130] 81.35% 0.736 0.747 0.855 0.745 | 0.889 | 0.722 | 0.830 | 0.816
Feature Baselines

User[51] 84.06% 0.905 0.836 0.871 0.663 | 0.949 | 0.854 | 0.690 | 0.849
Image|I78) 90.02% 0.835 0.915 0.911 0.772 |1 0.934 | 0.898 | 0.870 | 0.952
GaussianNB 93.26% 0.992 0.986 0.960 0.774 | 0913 | 0.944 | 0.725 | 0.945
KNeighbors 93.87% 0.905 0.902 0.961 0.857 | 0.968 | 0.946 | 0.936 | 0.942
Model Baselines
svc 94.13% 0.855 0.882 0.970 0.878 | 0.988 | 0.989 | 0.940 | 0.934
RandomForest 94.65% 0.956 0.983 0.967 0.807 | 0.949 | 0.989 | 0.845 | 0.934

Proposed Model | Influencer Profiler | 98.32% 0.994 0.988 0.989 0.898 | 0.991 | 0.986 | 0.990 | 0.977

small number of posts while performances of the baseline methods significantly drop. Note
that the accuracy of the Influencer Profiler with 20 input posts is 92.9% and that of the
baseline methods are ranged from 65% (Random Forest) to 80% (SVC). The robustness of
the model comes from the attention method which helps find more relevant posts to repre-
sent influencers even with a small number of posts. Therefore, our model can greatly benefit

by reducing the time to collect and process a large amount of data.

Components importance. To understand the benefits of each component in the proposed
model, we compare the performance of the full model with a model with no attention mech-
anism and a model with no fine-tuning. Note that we use mean values to aggregate post
features in the model with no attention. We then use the following three input sets, only
text, only image, and both text and image, to analyze the effect of input modalities on the
models with different components. We first observe a large performance difference depending
on the input sets as shown in Figure [6.6] The accuracy of the full model with only text,
only image, and both text and image, are 89.04%, 95.47%, and 98.32%, respectively. This

result suggests that image features are more useful than text features in identifying influ-
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Figure 6.5: Influencer classification accuracy scores on different number of posts. Influencer

Profiler shows more robust performance than baseline methods.

encer categories. This is probably because the style of writing captions for each influencer
differs more than the typical style of images in certain categories. We further improve the
performance by taking both text and image which implies that contextualized information
helps provide unique features with image information. Figure[6.6]also shows the performance
gain of using attention and fine-tuning. The accuracy of the model with no fine-tuning with
multi-modality is 97.41% which demonstrates that the fine-tuning the hidden layer gives a
moderate gain. Attention mechanism, however, helps the model to achieve very high classi-
fication scores by weighting higher scores on more important posts which can represent the
influencer category. Note that the model with no attention has 95.18% accuracy, which is a

large loss from the full model (98.32% accuracy).

6.4.3.2 Post Classification

To evaluate the performance of the post classification, we conduct experiments on the 10,000
labeled posts which is divided into training and testing with an 8:2 ratio. Table shows

the post classification results when the model uses (i) the text features only, (i) the image
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Figure 6.6: The effects of different modalities of input data, fine-tuning, and attention on
influencer classification performance. Multi-modal inputs and attention mechanisms help

the model gain high classification performance.

Table 6.2: Post classification results of the proposed model and baseline methods across the

ten post categories.

F-1 Scores on Different Post Categories

Model Input Accuracy
Beauty ‘ Family ‘ Fashion | Fitness | Food ‘ Interior | Other | Pet ‘ Product ‘ Travel
Text 40.70% 0.495 | 0.387 0.327 0.497 | 0.491 | 0.551 | 0.308 | 0.315 | 0.441 0.297
GaussianNB Image 84.65% 0.956 | 0.726 0.850 0.847 | 0.937 | 0.938 | 0.819 | 0.709 | 0.804 0.837

Text & Image | 87.00% 0.904 | 0.731 0.850 0.887 | 0.948 | 0.930 | 0.844 | 0.871 | 0.858 0.874

Text 38.85% 0.462 0.255 0.335 0.414 | 0.477 | 0.521 | 0.176 | 0.374 | 0.491 0.364
KNeighbors Image 81.75% 0.946 0.690 0.826 0.812 | 0.931| 0.935 | 0.793 | 0.623 | 0.773 0.794
Text & Image | 88.70% 0.923 0.706 0.839 0.886 | 0.954 | 0.939 | 0.840 | 0.922 | 0.891 0.927

Text 36.20% 0.507 | 0.325 0.308 0.392 | 0.296 | 0.548 | 0.273 | 0.161 | 0.458 0.281
sve Image 67.00% 0.857 | 0.514 0.795 0.662 | 0.842 | 0.884 | 0.825 | 0.429 | 0.382 0.720
Text & Image | 71.50% 0.870 | 0.568 0.819 0.687 | 0.835 | 0.884 | 0.845 | 0.479 | 0.509 0.814

Text 31.80% 0.452 | 0.248 0.268 0.311 | 0.376 | 0.436 | 0.212 | 0.259 | 0.367 0.247
RandomForest Image 78.30% 0.866 | 0.624 0.770 0.772 | 0.859 | 0.902 | 0.736 | 0.757 | 0.714 0.811
Text & Image | 76.25% 0.909 | 0.624 0.738 0.791 | 0.830 | 0.871 | 0.701 | 0.770 | 0.624 0.724

Text 60.90% 0.696 | 0.522 0.515 0.714 | 0.703 | 0.718 | 0.487 | 0.556 | 0.556 0.635
Influencer Profiler Image 90.75% 0.970 | 0.752 0.874 0.928 | 0.955 | 0.958 | 0.884 | 0.897 | 0.905 0.931

Text & Image | 96.20% 0.982 | 0.891 0.932 0.975 | 0.990 | 0.985 | 0.955 | 0.968 | 0.955 0.979
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features only, and (i) both the text and image features. We first find that our model sig-
nificantly outperforms other baseline methods. Our model achieves 96.2% accuracy while
K-Nearest Neighbors shows the highest accuracy, which is 88.7%, among the baseline meth-
ods. This demonstrates that our model can effectively capture unique characteristics for
each post category. We also observe that the image features help the model to achieve
higher classification performance than the text features. The accuracy of using only the text
features and the image features of our proposed model are 60.9% and 90.75%, respectively.
We observe that the post classification with the image features outperforms since influencers
often write very short or random captions that are not related to the topic of the posts. The
results also reveal that we can accurately classify posts with both image and text features
together. This implies that contextualized information in captions assists the post classifier

to identify the class of corresponding posts accurately.

6.4.4 Influencer Analysis
6.4.4.1 Influencer Categorization

We now apply our model to our entire influencer dataset. That is, we classify 33,935 in-
fluencers into the eight influencer categories. Table [6.3] shows the number of influencers in
each category and corresponding percentages. We find that fashion is the most dominant
influencer category in our dataset which accounts for 44.16% of total influencers. This is
nearly three times the number of travel influencers which is the second dominant influencer
category. Travel, family, and food categories are also considered as major types of influencers
while fitness, interior, and pet categories have less than 5%. Note that the percentages of
the number of influencers in Table are applied to our Instagram dataset, and other social

media platforms may have different percentages for the influencer categories.
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Table 6.3: The number of classified influencers and percentages for each influencer category.

Fashion is the most dominant influencer category in our dataset.

Influencer Category | Influencer counts | Percentage
Fashion 14,986 44.16%
Travel 5,113 15.07%
Family 4,928 14.52%
Food 3,973 11.71%
Beauty 2,035 6.00%
Fitness 1,210 3.56%
Interior 1,163 3.43%
Pet 527 1.55%
Total 33,935 100.00%

Beauty (Avg: 153,442)  Family (Avg:115,286) Fashion (Avg:189,129)

=
'S

=
w

Frequency
o o
o )

o
=]

Fitness (Avg:187,027) Food (Avg:78,408) Interior (Avg:66,318)

Frequency
o o o
[N} w =

°©
o

o
o

Pet (Avg:159,724) Travel (Avg:102,183) Total (Avg:140,235)

e
IS

bt
w

Frequency
o o
N %)

©

0_ B
10K 25K 50K100K500K 1M > 1M 10K 25K 50K100K500K 1M > 1M 10K 25K 50K100K500K 1M > 1M

Figure 6.7: Distributions of portions of the number of followers in each category.
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6.4.4.2 Size of Potential Customers

Given the influencer categories and influencers’ follower counts, we examine the distributions
of portions of the number of followers in each influencer category as shown in Figure[6.7 We
categorize the influencers into seven groups by the number of followers, which are less than
10 K, 25 K, 50 K, 100 K, 500 K, 1 M, and greater or equal to 1 M followers, to understand
the portion of ‘micro’ and ‘macro’ influencers. In general, influencers who have less than
10 K and 25 K followers are the most dominant in all categories in terms of the number of
influencers, which we already observed in Figure [6.3] However, the portion of each group
varies by category, for example, there are more micro-influencers in family, food, and travel
categories than other categories, while beauty, fashion, and fitness categories tend to have
more famous influencers who have more than 500 K followers. We also find that the average
numbers of followers of food and interior influencers are relatively smaller than those of
influencers in other categories since there is small number of famous macro-influencers (e.g.,
> 1 M followers) who are interested in food or interior. We believe this result can give insight

to brands who are participating in influencer marketing or are planning to hire influencers.

6.4.4.3 Posting Behavior

Understanding how influencers (with different interests) upload posts and how their followers
engage in the posts is important to brands who want to hire influencers for their marketing
campaigns. Given the classified influencers and their posts, we examine the posting behavior
of influencers with different interests. Table shows the portions of post categorieﬁ that
influencers with different interests have uploaded. As shown in Table [6.4] the influencers
mainly upload posts related to their interests, but rarely upload posts related to other post
categories. We find that pet, food, and interior influencers have relatively higher posting
rates, which are 0.79, 0.68, and 0.6, respectively, for their own major post categories than

other influencers (e.g., fitness and family influencers only have 0.39 and 0.42 posting rates

4pe’,“fm’,fa’ i, o’ ‘i’ ‘pr’,‘pe’,‘ot’, and ‘tr’ indicate 10 post categories, categories, beauty, family, fash-
ion, fitness, food, interior, product, pet, other, and travel, respectively.
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Table 6.4: Posting behavior of influencers.

Post Influencer category
category || Beauty | Family | Fashion | Fitness | Food | Interior | Pet | Travel
Be 0.62 0.02 0.05 0.04 0.02 0.01 0.01 | 0.02
Fm 0.03 0.55 0.04 0.05 0.03 0.06 0.03 | 0.04
Fa 0.08 0.11 0.58 0.15 0.03 0.03 0.02 | 0.09
Fi 0.01 0.03 0.03 0.52 | 0.02 0.01 0.01 | 0.02
Fo 0.02 0.06 0.02 0.02 | 0.71 0.05 0.02 | 0.05
In 0.01 0.05 0.02 0.01 0.02 0.72 0.01 | 0.03
Pr 0.14 0.05 0.05 0.08 0.06 0.04 0.04 | 0.06
Pe 0.01 0.01 0.01 0.01 0.01 0.01 0.83 | 0.01
Ot 0.06 0.04 0.05 0.07 0.03 0.01 0.01 | 0.02
Tr 0.02 0.08 0.15 0.05 0.07 0.06 0.02 | 0.66

in beauty and family post categories, respectively). We also observe that beauty influencers
have the highest posting rates among all the influencer categories since they tend to actively
upload cosmetics and skincare product images to share product information with their au-

dience.

We next investigate how Instagram users engage in posts uploaded by influencers with
different interests. Figure shows the distributions of the engagement rate, which is
calculated by dividing the number of likes of each post by the number of followers of the
corresponding influencer, for different post categories. We find two observations from this
analysis. First, the engagement rates vary depending on the post category. In general, beauty,
family, fashion, fitness, and pet posts attract more attention than food, interior, product, and
travel post categories. This reveals that photos with a human face(s) receive more likes than
photos with the only product(s) or landscape, which is consistent with the result of the
previous study [9]. Second, food and interior influencers show relatively low engagement
rates than influencers in other categories. Note that the average engagement rate of all the
influencers is 0.035 while those of both food and interior influencers are 0.024 and 0.023,

respectively. Also, their engagement rates are mostly similar across the post categories. In
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Figure 6.8: Distributions of engagement rates by post category. Photos with human face(s)

receive more likes than faceless photos such as food, interior, and products.

other words, audiences who follow influencers who primarily post faceless photos, such as
food and interior photos, tend to show limited and constant interest to the content uploaded
by such influencers. These findings can give insight to brands and influencers, who are
involved in influencer marketing, on how to select influencers in influencer marketing and /or

how to create advertising content.
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CHAPTER 7

Discovering Undisclosed Paid Partnership on Social

Media via Aspect-Attentive Sponsored Post Learning

7.1 Background

Influencer marketing has been gaining significant attention from marketers as an essential
advertising method recently [109]. As the rapid growth of the influencer marketing in-
dustry results in numerous paid advertisements in social media, the transparency issue of
advertising posts has been raised. According to the regulations from the Federal Trade
Commission (FTC) [40], the Advertising Standards Authority (ASA) [7], and the Organisa-
tion for Economic Co-operation and Development (OECD) [55], influencers are required to
conspicuously disclose sponsorship when they publish paid advertisements. That is, men-
tioning brand names and the relationship between a mentioned brand and an influencer in
paid advertisements, thereby having transparency in advertising posts. However, a notice-
able number of influencers fail to disclose paid partnerships with brands in their advertising
posts, either because they are not aware of the regulations [2] or because they are concerned
about lowering the effectiveness of the advertisement [50]. Surprisingly, the recent survey [2]
reveals that only 52% of influencers and 60% of marketers have a good understanding of
the regulation. This implies that the lack of legal knowledge and education for social media
users can lead to social issues amid the rapid growth of social media. Figure shows an
example of a paid media where the influencer advertises the product of the brand in the

absence of mentioning sponsorship.

The sponsored posts without disclosing the sponsorship may cause the following problem.
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@sugarbearhair has

keeping my hair popping for 6 months
now, just take theses cute vitamins
and let your hair do the talking.#”
#sugarbearhair

Figure 7.1: An example of paid media that fails to disclose sponsorship. Despite the influ-

encer advertises a product and mentions a certain brand name, no sponsorship is disclosed.

Audiences will be increasingly skeptical toward the influencers’ posts, and hence influencers
lose the trust. Influencer marketing can only become effective when people think that in-
fluencers are trusted sources of information [I05]. Furthermore, the lack of transparency in
the advertising posts can negatively impact brand image [50]. For the steady growth of the
influencer marketing industry with proper advertising practice, the FTC has monitored and
warned a few famous celebrities in social media who violated the endorsement regulationﬂ.

However, it is impractical to monitor the millions of influencers on social media.

Although influencer marketing has gained noticeable attention recently, only a limited
number of studies focused on sponsorship disclosure in influencer marketing. Some previous
works examine the effect of the presence of sponsorship in social media [50] 155] [176] and
suggest that disclosing sponsorship helps audiences to identify the post as an advertisement
but lowers purchase intention. Moreover, some researchers [I71] attempt to measure the
sponsorship transparency of paid advertisement by considering audiences’ perceptions. While
the previous works discuss the importance of detecting undisclosed sponsorship of social
media posts, no study has proposed a method yet. Additionally, the previous works solely

rely on a small number of survey results, thereby lacking evaluation with a large dataset.

In this paper, we propose a learning-to-rank based model, Sponsored Post Detector (SPoD),
that can detect sponsorship of social media posts. Our model incorporates three different
aspects (i.e., modalities) on social media including graph, text, and image to represent the

social media posts. We first employ the Graph Convolutional Networks (GCNs) [94] to lever-

Ihttps://www.ftc.gov/news-events/press-releases/2017/04/ftc-staff-reminds-influencers-
brands-clearly-disclose
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age the characteristics of posts and the social relationship among influencers and brands.
To adopt GCNs, we construct a heterogeneous network that connects influencers, posts,
and brands. Besides the graph features, we also generate image and text features of each
post to further describe the characteristics of the posts. Particularly, we use the pre-trained
Inception-V3 model to obtain the image object features which have 1,000 categories [15§]
and utilize BERT [46] to create contextualized features of social media post captions. More-
over, we apply attention [I64] over the three sets of features to estimate the importance of
each aspect of social media posts, thereby utilizing more important aspects to detect hidden
sponsorship. In addition to the attentive post features, we conduct a manifold regulariza-
tion method to optimize the model performance. More specifically, we propose to exploit
posting time and mentioned brands from social media posts for temporal regularization. For
example, we place more weight on posts created at similar times and mentioning the same
brand, that is, posts that likely belong to the same marketing campaign. With the proposed
temporal regularization, our model takes the attentive post features as input to rank given

social media posts by their sponsorship scores.

7.2 Problem Statement

In this section, we formally define the goal of this paper. Suppose we have a set of posts
P = {pn}lﬂl published by a set of users U = {um}y:l Each post can be represented as
Pn = (tn, an, by, l,) where t,, a,, b,, and [,, denote text, image(s), mentioned brand(s), and
posting time of the post, respectively. Note that a post mentions at least one brand where
the brand is in the set of brands B = {bk}/‘,ﬂl. Given text and images of a post, we extract
text features and image features, XT € R™f and XTI € R™*9, respectively, where f and
g are the numbers of features. Moreover, we have graph features, X& € R"*", where h is
the number of features. The graph features can be generated from a heterogeneous network
G = (E,V) where the vertices V = (U, P, B) are composed of users, posts, and brands,

respectively. Given a set of posts P, we aim to rank the posts by learning the distinctive

features of sponsored posts so that sponsored posts with the absence of sponsorship disclosure
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can be discovered.

7.3 Methodology

In this section, we present the proposed framework to detect paid partnerships by discovering

sponsored social media posts.

7.3.1 Framework Overview

Here we briefly give an overview of our proposed framework, SPoD, as shown in Figure [7.2]
To leverage multimodal inputs of social media posts, we utilize three encoders, including
graph encoder, text encoder, and image encoder. The graph encoder takes the heterogeneous
network that includes users, posts, and brands as an input. Moreover, each node in the graph
has a set of features as contextual representations to indicate the entity characteristics. Based
on the heterogeneous structures of different entities and their features, graph convolutional
networks (GCNs) are applied to derive appropriate node representations. In addition to
GCN-encoded features, the text and image of each post are encoded by a contextualized text
encoder and an image encoder, respectively. We then apply attention [164] over the three
sets of features to estimate their importance and generate the post representations. The
sponsorship scores of candidate posts are then computed based on all of the corresponding
features and ranked for discovering sponsored posts. Finally, we optimize the sponsorship
scores by conducting temporal regularization based on posting time and mentioned brands

from the input post set.

7.3.2 Aspect-Attentive Heterogeneous Post Encoder

To acquire decent representations of posts, we utilize three encoders including the graph,
text, and image encoders to capture knowledge from different aspects, and apply aspect-

attention over the three sets of features as shown in Figure [7.2]
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Figure 7.2: The overall framework of the SPoD. The aspect-attentive heterogeneous post
encoder generates post representations. The estimated sponsorship scores are optimized by

conducting temporal regularization for detecting sponsored posts.

7.3.2.1 Graph Encoder

To model posts with the graphical structure, we first construct a heterogeneous network and
then apply graph convolutional networks (GCNs) [94] to derive GCN-encoded features for

each candidate post.

Heterogeneous Network Construction. To construct a heterogeneous network, we con-
sider three different entities including posts, users (i.e., influencers), and brands mentioned
in posts. Note that the constructed heterogeneous network in our framework can be flexibly
expanded with any additional relevant entities. The edges in the heterogeneous network
indicate the interactions between entities behind nodes. The node of each post is linked to
the node of the author user. If a brand is mentioned in a post, the post node has an edge to
the brand node. Note that since more than one brand can be mentioned in a post, a post
node can have multiple edges to brand nodes. More specifically, the edges of the network

are represented by a sparse matrix A € R¥*Y where A;; = 1 if the i-th and j-th nodes are
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Figure 7.3: The illustration of the post encoder using heterogeneous information.

connected; otherwise, A;; = 0.

Node Features. Each node in the network has a set of features while all of the features

can be represented as

7 = [ZP,ZU,ZB] c ]RNXd,

where ZP, ZY, and ZPB are the features of nodes for posts, influencers, and mentioned
brands, respectively; N and d are the number of all nodes in the network and the number

of features for each node, respectively. The detailed features in this paper are defined in

Section [7.3.2.5

Graph Convolutional Networks To leverage the knowledge of structural information, we
propose to apply GCNs to encode node representations with both node features and net-
work structures. First, the adjacency matrix A is transformed into a normalized adjacency
matrix A as follows:

A=D:ADz,
where D is the diagonal matrix of node degrees. GCNs can then be operated based on the

normalized adjacency matrix A and the feature matrix Z.
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To model complicated network structures, we consider multi-layer GCNs by propagating
information through different layers. Formally, the outputs of the i-th layer in GCNs, H® &

RN** can be computed as follows:

HO — (AH(i—l)W(i—1)> ’

where k is the number of hidden dimensions in GCNs; H¢~1 is the outputs of the previous
layer; W (1) is a matrix of layer-specific trainable weights; o(-) is a nonlinear activation
function. Note that H(®) = Z as the base case. Finally, the GCN-encoded representations
X can be computed by concatenating the outputs of different layers as follows: X& =

[HO H® . H®] where L is the number of layers in GCNs.

7.3.2.2 Text Encoder

To model contextualized knowledge from text in posts, we encode the text ¢,, in a given post
pn. Instead of learning from scratch, we apply the pre-trained state-of-the-art neural lan-
guage model, BERT [46]. Note that any potential language model can be applied to the text
encoder. Given the text in a post t,, a length j sequence of words ¢ = [c1,¢2, -, ¢l
BERT adds an initial token [CLS] to alleviate the positional bias in input embedding
d = [[CLS], ¢}, ch, - -+ ,¢y]. The input word sequences of n posts, QU D" then goes
to the transformer Fp with o layers. We generate the output of the o-th transformer
Fr(F3 ') = D° = [dicpg) d7.d5, - -+ . dj)] as the representation of each word in the word

sequences. Finally, we only adopt the dfc Ls) to form the text representation X7,

7.3.2.3 Image Encoder

In addition to the graph and text, we use images attached in the posts since images are
known as one of the most important factors in effectively advertising products in social media
marketing [T11]. For example, the influencer in Figure holds the product in the image for
advertising purposes. We apply the pre-trained Inception-V3 model trained with one-million

images in 1,000 object categories [I58] to avoid training images from scratch. Particularly,
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the image encoder takes input images from a post and generates a feature vector with g
dimensions where each dimension represents the probability that the image contains the
corresponding object. That is a list of s, images from a post p,, a, = [an1, n, -, Gns)-
We use the maximum value for each dimension while aggregating the feature vectors as
follows: Fj(a,) = max-pool({a,; | 1 <7 < s,}), where the function max-pool(-) remains the
maximum value for each dimension over the feature vectors of s,, images. Finally, the image

representation X! contains the image object vectors from n posts.

7.3.2.4 Aspect-Attention

To estimate the importance of features from different aspects, including the heterogeneous
graph, texts, and images, we apply the attention mechanism over the three sets of features.
We first apply a fully-connected hidden layer to each set of features to have the same dimen-

sion of the features as:
V- i (XO). VT = B (XT). V= (X))

where Fg(+), Fr(-), and Fy(-) are fully-connected layers for the graph, text, and image

features, respectively. The sets of features from different modalities can be represented as:
vV =[vevT vl

The importance «a; of feature V; can be estimated as:

exp(r; - r°)
> exp(ry - re)’
where r; = tanh (F (V;)) is the hidden representation of the feature V;; F(-) is a fully-

i =

connected layer; tanh(-) is the activation function; 7€ is the context vector for importance
estimation. The estimated score «; is multiplied with corresponding features V; to get
weighted values, and the representation of the post can be derived by taking all the weighted

values of the graph, text, and image features as follows:

X:Zai-Vi.
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Table 7.1: Node features that represent characteristics of each type of node in GCNs.

Category Feature Description
Node Node Type Node type in the heterogeneous network.
Keywords The normalized frequency of keywords.
Followers Number of followers.
Influencer Followees Number of followees.
Posts Number of published posts.
Influncer Category || Major interest of the influencer.
Likes Number of likes in a post.
Comments Number of comments in a post.
Hashtags Number of hashtags(#) in a post.
Posts Usertags Number of usertags(@) in a post.
Caption Length Length of text in a post.
Images Number of images in a post.
Posting Day The day a post was published.
Followers Number of followers.
Followees Number of followees.
Brand
Posts Number of published posts.
Brand Category Business type of the brand.

7.3.2.5 Node Features in GCNs

To represent characteristics of nodes in the network, we incorporate four types of node

features, including node type, influencer, post, and brand as shown in Table [7.1] Note that

our proposed framework is not limited to these features, therefore, any potential feature can

be additionally applied to the model.

e Node type features. To indicate one of the three types of nodes, including post,

influencer, and brand, we apply the one-hot coded node type feature in this category.

e Influencer features. We exploit the normalized frequency of keywords to capture

textual patterns of influencers. We select the frequently used keywords based on their

Chi-square values. Note that we use the top 100 keywords in this study. We also
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use the number of followers, followees, and published posts features that represent the
reputation of influencers [90]. Moreover, we exploit the major interest of the influencers

such as Food and Interior [92].

e Post features. To represent post characteristics, we exploit the features which are
widely used in any social media. We first obtain the numbers of likes and comments in
a post which can represent the popularity of the given post. Since it is well known that
people tend to avoid advertising [35, 85], such post popularity features can help provide
a distinguishable representation of sponsored posts. We also employ the numbers
of hashtags and usertags that are particularly used for disclosing names of brands,
products, or marketing campaigns in paid advertisements [176]. Additionally, we use
the number of images in a post while most social media accept multiple images in a
post, and the day a post was published (e.g., Sunday, Monday) since publishing time

affects the popularity of advertising posts in social media [I17].

e Brand features. To characterize the brand nodes, we have the business type of the
brandsﬂ. Additionally, we use the number of followers, followees, and published posts

to measure brand awareness [176].

7.3.3 Sponsorship Estimation and Ranking

To estimate the sponsorship score of a post, all of the GCN-encoded features, text features,

and image features can be useful because many aspects of the post are considered.

For a post i, all of the features are concatenated as the ultimate representation X;. The
predicted sponsorship score y; of the post i can then be generated by a linear unit with a

fully-connected hidden layer as follows:
bi = Fp (0 (Fa (X5)))

where F,(-) and F,(-) are two fully-connected hidden layers; o(-) is a nonlinear activation

’https://business.instagram.com/
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function. Therefore, the candidate posts can be ranked by the predicted sponsorship scores.

7.3.4 List-wise Learning to Rank

Since our goal is to rank posts by their likelihood scores to be sponsored posts, it is intuitive
to apply learning to rank approaches to deal with the problem. More specifically, in this
paper, we modify the ListMLE [I72], which is list-wise learning to rank approach that can

benefit overall ranking performance.

Suppose that X is the set of features for posts to be ranked; Y is the output space of
permutations of the posts; Pxy is an unknown but fixed joint probability distribution of X
and Y. If a ranking function can be represented by ¢ : X — Y, the expected loss R(g) to

be optimized can be derived as follows:

RO)= [ L0(X0).9)0P(Xiy),
XxY
where y € Y is a permutation; X; € X; L(g(X;),y) is the 0-1 loss between the ranked
result g(X;) and the position in the permutation y such that

L ifg(Xs) #y
0, ifg(X;) =y

To make the training process more efficient, candidate lists with n labeled posts are
sampled from the whole training space in each iteration. Given independently and identically
distributed samples in a candidate list S = {(X;,y;)};_; ~ Pxy, we minimize the empirical

loss Rg as follows:

where y; is the ground truth permutation.

7.3.5 Temporal Regularization

Timing is important for publishing posts in influencer marketing [117], so the redundancy
between different posts with similar published times can be leveraged to improve the perfor-

mance for sponsorship estimation. In addition, brands usually hire a number of influencers
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for a marketing campaign at a time. For example, the posts that are published at a simi-
lar time and mention the same brand name are more likely to be sponsored posts. In this
paper, therefore, we conduct manifold regularization [81] by using the redundancy between

the posts and their published times. Formally, the regularization loss Q(¢) can be defined

as:
o 1 n n R . U)b(z,,])
Q(y)— n2 ;;(‘yl y]’ X max(]li—lj],1)>’
o L, it b =10
wb<l7j) =

1071, if b; # b;
where g; and g; are the estimated sponsorship scores of the posts p; and p; mentioning the
brands b; and b; at time I; and [;; wy(i, j) indicates the brand-based regularization weight.
Note that the posting time difference, |l; — [;|, is measured in days. Finally, the ultimate

objective for discovering sponsorship L can be a combination of two loss functions as;

L(g) = Rs(g) + wi - Q(9),

where w; is the weight for manifold regularization.

7.4 Experiments

7.4.1 Experimental Dataset
7.4.1.1 Dataset Construction

To evaluate our proposed model, our dataset samples influencer posts from Instagram, which
is the most popular social media platform for influencer marketing [I09]. Note that we
implement the data collection method in [92] and comply with the Instagram policyﬂ To
find posts that mention brand names, we first collect a set of brands on Instagram by
searching branded content, i.e., sponsored posts. Note that Instagram provides the branded

content tool for influencers to disclose sponsorship by showing a partnered brand name on

3https://help.instagram.com/325135857663734
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the top of a postﬂ From the searched sponsored posts, we obtain 26,910 brand names. Next,
we find brand mentioning posts that contain at least one brand name by searching user tags
in the corresponding caption. To reduce noises in the dataset, we filter out a post if it is
published by a user with less than 1,000 followers which is a generally required number of
followers to be considered as an inﬂuencelﬂ Finally, we collect 1,601,074 brand mentioning
posts that are published from 2013 to 2019 by 38,113 influencers. Note that the number
of posts is exponentially grown over time; the average follower count of the influencers is

127,279.

7.4.1.2 Sponsorship Labeling

Since our goal is to find sponsored posts that do not disclose paid partnerships, we first
classify the posts in the dataset into two classes, including “Sponsored” and “Unknown”.
We label the posts as ‘Sponsored’ if the posts explicitly disclose sponsored relationships by
using certain keywords. More specifically, a given post is labeled as ‘Sponsored’ if the post
either uses the branded content tool from Instagram or has one of the following hashtags,
#ad, #sponsored, and #paidAD, which are widely used hashtags for sponsorship disclosure in
influencer marketing [50] [176]. The remaining posts that are not identified as sponsored posts
are labeled as ‘Unknown’. That is, the ‘Unknown’ posts may contain non-sponsored and
sponsored posts with no sponsorship disclosure. We label all posts in the dataset and finally
have 221,710 ‘Sponsored’ posts and 1,379,364 ‘Unknown’ posts which account for 13.8%
and 86.2%, respectively. After labeling the posts, we remove all of the sponsorship-related
keywords and hashtags from the posts to prevent information leakage in the experiments.
Therefore, our model can detect sponsored posts without relying on such keywords. To
evaluate the performance of detecting sponsored posts from the ‘Unknown’ posts, we further

manually investigate the unknown posts. The details of manual labeling procedure are

‘https://business.instagram.com/a/brandedcontentexpansion

Shttps://www.digitalmarketing.org/blog/how-many-followers-do-you-need-to—be-an-
influencer
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described in Section [[.4.4.2]

7.4.1.3 Heterogeneous Network

We build the heterogeneous network by using the 1,601,074 posts which include 2,273,578
brand mentions. As a result, the network has 38,113 influencer nodes, 26,910 brand nodes,

and 1,601,074 post nodes with 3,874,652 edges.

7.4.2 Experimental Settings

To measure the performance of the proposed SPoD, we treat the task as a one-class ranking
problem and assign a relevance score for each post so that posts with higher scores are
more likely to be sponsored posts. That is, the posts labeled as ‘Sponsored’ have relevance 1
while the ‘Unknown’ posts have the relevance 0. As SPoD ranks the candidate posts by their
sponsorship scores, the relevances are used to evaluate the rank quality. More specifically, we
use mean average precision (MAP), mean reciprocal rank (MRR), and average precision (AP)

as our evaluation metrics.

We use TensorFlow [I] to implement our model. We split the dataset into three partitions
for training, validation, and testing with a ratio of 7:1:2 by randomly selecting the posts.
Therefore, the ratios of sponsored posts and unknown posts on three partitions are the
same. Additionally, we ensure that the same influencers are not included across the training,
validation, and testing sets to avoid information leakage from learning relationships between
influencers and brands (e.g., a certain influencer repetitively advertises a certain brand). We
tune the parameters with the validation set and set a single hidden layer with 128 hidden
nodes. The learning rate and the dropout probability are set as 1072 and 0.5, respectively.

We set the regularization weight, w;, as 1074
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7.4.3 Comparative Baseline Methods

We compare the performance of the proposed model with the baseline methods in three

different categories, including Ranking, Graph, and Text.

Ranking Baselines. As our model applies the learning-to-rank approach, we apply the
identical feature sets of the proposed model for the ranking baselines, therefore, we can
evaluate the model capability for the ranking task of the proposed model. We deploy three
ranking baseline methods as follows: ListNet (LN) [23] is a list-wise learning-to-rank algo-
rithm that exploits gradient descent on neural networks to optimize a list wise loss function.
MART [57] is a pair-wise learning-to-rank algorithm that uses gradient boosted decision
trees for prediction tasks. LambdaMART (LM) [21] directly optimize rank cost functions by

using gradient boosted regression trees based on MART.

Graph Embedding Baselines. The baseline methods in this category only exploit the
graphical structure without other information. We deploy the LINE [159] and the GCN [94]
as two graph baseline methods. The baselines use the heterogeneous network as input

features and disregard the text and image features.

Text Modeling Baselines. In addition to the ranking and the graph baselines, we also
have two text baseline methods since influencers usually reveal paid partnerships using text.
As the baselines, we deploy two state-of-the-art language models, Embeddings from Lan-
guage Models (ELMo) [133] and Bidirectional Encoder Representations from Transformers
(BERT) [46].

7.4.4 Experimental Results

In this section, we evaluate the performance of our proposed SPoD compared to the baseline
methods with the following two steps: (i) We first examine the sponsored post ranking
performance without taking into account sponsored posts in the unknown posts. (ii) We
then investigate highly ranked unknown posts to evaluate the performance of detecting

hidden sponsored posts in the unknown posts.
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Table 7.2: Performance comparison with the baseline methods. SPoD significantly out-
performs all types of baseline methods. The temporal regularization and aspect-attentive

components improve the ranking performance.

APQk
Method MAP | MRR
10 100 1000 | 10000
LN [23] 0.250 | 0.500 | 0.714 | 0.643 | 0.487 | 0.380
LM [21] 0.269 | 1.000 | 0.867 | 0.451 | 0.461 | 0.395
MART [57] 0.290 | 1.000 | 0.507 | 0.398 | 0.432 | 0.421
LINE [159] 0.317 | 1.000 | 0.894 | 0.701 | 0.587 | 0.473
GCN [94] 0.370 | 1.000 | 0.935 | 0.744 | 0.709 | 0.566
ELMo [133] 0.352 | 1.000 | 0.926 | 0.751 | 0.714 | 0.608
BERT [46] 0.376 | 1.000 | 0.947 | 0.788 | 0.755 | 0.653
SPoD w/o regularization 0.558 | 1.000 | 1.000 | 0.967 | 0.956 | 0.902
SPoD w/o aspect-attention || 0.573 | 1.000 | 1.000 | 0.973 | 0.960 | 0.913
SPoD 0.592 | 1.000 | 1.000 | 0.994 | 0.984 | 0.941

7.4.4.1 Sponsored Posts Ranking Performance

Table [7.2| shows the performance of the proposed SPoD and the baseline methods. We find
that ranking baselines show poor ranking performance compared to the graph and the text
baselines. Despite the graph and the text baselines only exploit the network features and the
contextualized text features, respectively, these baselines outperform the ranking baselines
which use all the proposed features. This is because the text features can be easily over-fitted
over the complicated structures in ranking baseline methods. In other words, the ranking
baselines fail to leverage the contextualized features. We also find that, in the graph and the
text baselines, GCN and BERT have better rank quality than LINE and ELMo, respectively,

which are adopted to our proposed post encoder.

Finally, our proposed model, SPoD, significantly outperforms all of the other baseline
methods. More specifically, SPoD obtains a 57.45% improvement in mean average precision

over BERT. Unlike ranking baselines, SPoD separates text and image features from GCN
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Figure 7.4: Precision at retrieval rates of the proposed model and the baseline methods.

SPoD shows efficient and robust ranking performance compared to the baseline methods.

features and then applies attention over the features, thus effectively utilizing more important
post features for ranking. Furthermore, SPoD shows a more robust ranking performance than
other baselines. Note that average precision at 10,000 of SPoD is 0.941 while the performance
other baseline methods tend to decrease if the ranked list size increases. Figure [7.4] shows
precision at retrieval rates of SPoD and the other baseline methods. While the precision of the
baseline methods significantly drops as the retrieval rates increase, SPoD shows highly robust
performance. That is, SPoD has high ranking accuracy even while finding a large number
of sponsored posts. Furthermore, we perform an ablation study by removing the temporal
regularization and the aspect-attention. As shown in Table SPoD loses a 5.74% and
3.21% rank performances in the measure of MAP without using the proposed regularization
and the aspect-attention, respectively. This suggests that the proposed regularization that
exploits the redundancy between the posts and their published times plays an important role
in discovering sponsorship of social media posts. This also reveals that the aspect-attention

effectively generates post representations by finding more important features.
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Table 7.3: Precision results on the top-ranked unknown posts. SPoD outperforms other

baseline methods in detecting undisclosed sponsorship of the unknown posts.

Precision@k 10 50 100 150 200
GCN [94] 0.600 | 0.540 | 0.420 | 0.380 | 0.355
BERT [46] 0.800 | 0.820 | 0.750 | 0.673 | 0.580

SPoD w/o regularization | 1.000 | 0.960 | 0.910 | 0.873 | 0.810
SPoD w/o aspect-attention | 1.000 | 1.000 | 0.950 | 0.920 | 0.860
SPoD 1.000 | 1.000 | 0.990 | 0.967 | 0.920

7.4.4.2 Detecting Unlabeled Sponsored Posts

Since the goal of SPoD is to detect sponsored posts which do not clearly disclose sponsored
relationship with brands, we evaluate the performance of detecting such sponsored posts by
investigating the ranking results from Section [7.4.4.1] To this end, we first extract a set
of highly ranked unknown posts and then examine their images and captions to manually
label the posts. To ensure the quality of our labeling procedure, two authors of this paper
have carefully read and understood the FTC’s endorsement regulation, then investigated
the top 200 unknown posts from each ranking result of SPoD, SPoD without regularization,
BERT, and GCN. More specifically, we decide an unknown post as a sponsored post when
an influencer exclusively promotes a certain product or service by expressing appreciation for
sponsorship indirectly in text and holding the product to show brands in images. Cohen’s
kappa coefficient of our labels is 0.784 which suggests that our labeling result is highly
reliable [I12]. Note that there are only 9 disagreements out of the 200 posts. We consider

an unknown post as a sponsored post only if both labelers agree.

Table [7.3| shows the precision of detecting sponsored posts from the unknown posts. The
result demonstrates that SPoD is very effective in discovering the sponsored posts with the
absence of sponsorship disclosure compared to the baseline methods. Note that SPoD gains
58.6% and 159.2% improvements in precision scores at 200 over BERT and GCN, respectively

by achieving 0.920 precision score. This implies that the proposed post representations are

85



You guys know I've got

Game Day down, but what about the day
after? @flattummyco has you covered
following the big day with their yummy
Shakes! They are packed with nutritious
ingredients and only 130 calories -
making them the perfect meal to give you
a boost of energy and get you back on
track. You guys really need to check them
out, I'm hooked! #shakeitbaby

my chapped lips are thanking

+ Raw Sugar for these amazing products;

my new lip care go to! the lip scrub is
perfect for refreshing my lips and the
balm is so soothing + nourishing. the
best part — for every product that you
buy, Raw Sugar donates a fresh bar of
soap to a family in need #rawthankyou

. stop by your local @target and try them

yourself! #rawlovin

(a) Sponsored post 1 (b) Sponsored post 2

Rounding the

weekend up like % &% 9%  Hope
you've all had a wonderful weekend and
are looking forward to the week ahead @3
This little bowl was an absolute delight!
We've got @alpro more fruit cherry
yoghurt,

@doisyanddam maple, toasted rice &
pink salt chocolate snaps,

@pipandnut chocolate orange almond
butter, and very frosty frozen raspberries.

The end of an eral! Feels so
good to say all the hard work has paid off
- graduating @teessideuni with a First

J &

g ‘qdu[/\tqd Class Honours Degree in Marketing.
ot gl

e pueud,

Feeling super proud!

(¢) Non-sponsored post 1 (d) Non-sponsored post 2

Figure 7.5: Examples of successfully detected sponsored posts with absence of sponsorship

disclosure, and highly ranked non-sponsored posts.

remarkably useful to identify sponsorship of social media posts even if the paid partnership
is not explicitly disclosed. On the other hand, using only graph structural or contextualized
information may fail to detect such posts. We also find that SPoD loses 11.96% and 6.52%
performance in the precision at 200 without using the temporal regularization and the aspect-
attention, respectively. This suggests that proposed temporal regularization significantly
improves the performance of detecting undisclosed sponsorship by detecting advertising posts
in the same marketing campaigns. This also reveals that the aspect-attention is useful to

obtain more important knowledge from different aspects of social media posts.

Figure showcases the example posts that are in the top 200 of the rank result of SPoD.

The posts in Figure [7.5(a)| and [7.5(b)| are the sponsored posts with absence of sponsorship

disclosure. In the sponsored posts, the influencers tend to describe details of the products
by sharing their experience and recommending the products in the captions. In addition

to the text, we observe the evidence of sponsorship in the image as they hold the products
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Figure 7.6: Analysis on the node features in GCNs.

for advertising. However, the sign of sponsorship disclosure is not found from the text and

hashtags. On the other hand, Figure [7.5(c)| and [7.5(d)| show the non-sponsored posts that

are in high-rank positions. These posts may have been highly ranked due to an object in
the images (e.g., products), contextual similarity, and social relation between influencers and

brands.

7.4.5 Analysis and Discussions

In this section, we first study the effectiveness of the proposed model with different feature
sets to understand the impact of features to discover sponsored posts. We then evaluate the

performance of SPoD with the sets of posts that have different caption lengths.

7.4.5.1 Feature Importance

To understand the importance of each feature set in the proposed SPoD for detecting spon-
sored posts, we evaluate the rank performance over different feature sets. Figure [7.6] shows
the performance loss of MAP scores of the models trained with the features excluding one

particular node feature against the full model as the leave-one-out analysis. We find that
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Figure 7.7: Analysis on the Image, Text, and GCN features.

the post features have a larger loss value than other node features since sponsored posts
have distinct characteristics from non-sponsored posts [176]. Figure also shows that the
node type features have a large loss value. This suggests that social relations between influ-
encers and brands that are indirectly learned from node types provide valuable information

to detect sponsorship of posts.

Figure shows the average precision scores of the proposed SPoD over (i) only image
features, (ii) only GCN features, (iii) only text features, (iv) GCN and image features, (v)
image and text features, (vi) GCN and text features, and (vii) All features. The result
reveals that the text features significantly improve the performance while the image features
contribute to the slight improvement. Note that SPoD loses 27.86%, 12.55%, and 6.47%
performance in MAP when it excludes text, GCN, and image features, respectively. This
suggests that the contextualized information from captions is very useful for discovering
sponsored posts. Due to the nature of paid advertisements, influencers try to recommend
the products, convey detailed information of products, and to make a good impression on the
brand in the text [I71]. This consequently makes the paid advertisements to have distinct
contextualized features from non-sponsored posts. The image features, on the other hand,

have fewer benefits in discovering sponsored posts compared to the other features. Unlike
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Figure 7.8: Analysis on the caption length of posts.

the text features, which naturally show similar characteristics due to the commonality of
language, images can be generated in various ways by different users, thereby making it

difficult to rank the posts.

7.4.5.2 Caption Length of Posts

Since we find that textual information plays an important role in determining whether given
social media posts are sponsored, we investigate the performance of the proposed model
over different sets of posts with various caption lengths. We split the test dataset into
three subsets, including short, medium, and long posts, which have less than 250 (34.5%)
and 500 (31.9%), and more than 500 (33.6%) characters in a caption, respectively. Note
that we use the same training set for the post sets with different caption lengths thus our
model can be used for posts with various caption lengths to detect sponsorship. Figure
shows the performance of SPoD and two baseline methods over the post sets in different
caption lengths. By comparing the performance of MART and BERT, we observe that
BERT obtains noticeable improvement in medium and long length posts. This reveals that

the contextualized information greatly help detect paid partnership in the posts. However,
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because of the same reason, BERT fails to improve the performance on the short posts
due to insufficient contextualized information from captions. As shown in Figure [7.8] the
proposed SPoD outperforms the baseline methods over all the post sets in various caption
lengths. Particularly, SPoD remarkably improves the performance in the short post set.
This implies that SPoD effectively leverages the knowledge of both graph structures and the
various features to detect the sponsorship of social media posts. For example, a sponsored
post with a very short caption can be detected by our model by understanding the social

relations and characteristics of adjacent influencers and brands.
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CHAPTER 8

Evaluating Audience Loyalty and Authenticity in
Influencer Marketing via Multi-task Multi-relational

Learning

8.1 Background

Influencer marketing, one of the popular social media marketing strategies, utilizes influential
social media users as marketing channels to reach a large number of target audiences [44].
Many brands have been increasingly sponsoring influencers in recent years to advertise their
products or services [176, 03] since audiences tend to have more interactions and trust in
influencers than brands [33, [105]. The cost of influencer marketing paid by brands is usually
determined by quantitative metrics such as the follower count of the influencers or the aver-
age number of likes they receive [34, 41| [73]. However, the number of followers or likes can
be easily manipulated by influencers through buying fake followers and engagements [5], [89].
Brands can be suffered from such influencer fraud behavior, e.g., wasting of marketing costs
and losing trust from their audiences, which adversely affect the influencer marketing indus-
try. To tackle this problem, the quality of the audience of influencers should be evaluated
instead of just using simple metrics like the number of followers or the average number of

likes, which can be easily manipulated.

To understand and evaluate the audience of social media users, researchers have stud-
ied different metrics to assess the quality of the audience, especially in the marketing do-
main [130, [173] 110]. The quality of the audience can be evaluated from two main perspec-

tives, loyalty and authenticity, which represent the level of interest toward brands and the
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Figure 8.1: Illustration of engagement relationships for two influencers and their audiences.
Influencer A has many loyal audiences who consistently make engagements, whereas Influ-
encer B is connected to inauthentic audiences (engagement bots) who generate fake engage-

ments.

genuineness of the audience’s engagements, respectively [100]. Figure compares two in-
fluencers with different quality of audiences. Influencer A can be considered as an influencer
with high-loyalty audiences since audiences show consistent engagement behavior. On the
other hand, although influencer B receives consistent engagements, a large portion of B’s
audiences are fake ones. This demonstrates that simply considering either one of loyalty or
authenticity limits accurate audience quality evaluation. Therefore, both of them should be

considered to evaluate the quality of audiences for given influencers.

Brand loyalty has been widely studied since the degree of loyalty is closely related to
the success of marketing campaigns. Loyal customers tend to show positive engagements
and solid trust in certain brands while other relatively disloyal customers are likely to make
short-term engagements [16]. Some previous studies focus on correlations between brand
loyalty and other factors such as online advertisements [12], frequency of interactions [120],
and characteristics of published contents [48]. These previous studies mostly focus on un-
derstanding brand loyalty in social media marketing. However, little attention has been

paid to use brand loyalty for evaluating audience quality, especially in influencer marketing.
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Also, most previous works rely on surveys for evaluation, thus fail to propose learning-based

models to automatically predict the loyalty of the audience in social media.

The authenticity, another audience evaluation metric, has been widely investigated for
detecting bots in social media. Bots in social media have been causing various problems
including popularity manipulation via fake followers and engagements [54], 43|, 89, [5] 149, [15].
Many previous studies analyze distinct behaviors of bots such as link farming [149, 28| [15]
and propose methods to detect fake engagements or fake followers [I75] [95]. However, to
our knowledge, no work has yet suggested evaluating influencers based on their audience

authenticity.

To address the above limitations towards evaluating the quality of audiences of influ-
encers, we propose a computational audience evaluation framework based on Audience Loy-
alty and Authenticity in Influencer Marketing (ALAIM ), which can predict multiple audience
quality scores together. To integrate both loyalty and authenticity into our model, we for-
mulate our audience evaluation problem as a multi-task ranking problem. Note that the
proposed framework is naturally optimized in an end-to-end manner, eliminating the need
for conducting human evaluation such as surveys. The proposed framework first takes au-
dience engagements (e.g., likes and comments) as input, and then learns the engagement
behavior of audiences and their social relationships with other users to predict the loyalty

and authenticity of audiences.

More specifically, our model consists of the following three components: (i) the contex-
tualized engagement encoder, (ii) multi-relational GCNs (Graph Convolutional Networks),
and (iii) multi-task decoder. In the contextualized engagement encoder, we use contextual-
ized knowledge from user comments to generate user embeddings that represent distinct user
commenting behavior. We next construct multi-relational engagement networks based on the
different types of engagements and take the contextualized user embeddings as node features
to learn different engaging relationships among users. Lastly, the multi-task decoder esti-

mates the loyalty and authenticity scores of users with the outputs from the multi-relational

GCNes.
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8.2 Problem Statement

Our goal is to rank influencers based on their audiences’ loyalty and authenticity by learning
the engagement representations in the influencer-audience social network. In this section, we
formally define the influencer-audience heterogeneous information network, and two evalua-

tion metrics, audience loyalty, and authenticity.

Definition 1 Influencer-Audience Heterogeneous Information Network is a so-
cral network of social media influencers and their audiences, who are connected based on
engagement behaviors, including likes and comments. Given the two types of vertices cor-
responding to influencers (Vy) and audiences (V4), the influencer-audience network G =
{{V1,Va},{EL,Ec}} can be defined where 1, and Ec represent liking and commenting as

engagement behaviors, respectively.

To evaluate the quality of audiences, we define two metrics: Audience Retention Rate and

Influencer Fraud Score, which measure the loyalty and authenticity of audiences, respectively.

Definition 2 Audience Retention Rate (ARR) is the ratio of the number of audiences
who consistently make engagements to the total number of audiences who have at least one
engagement. Since the level of audience engagement may vary depending on the influencer’s
activity, we take into account the temporal variation of audience engagement by using multiple
time frames. Given an influencer i € I and a set of audience users j,Vj € A, the audience

retention rate can be calculated as:

1 el net,
ARR; = Tk Z”—J
t

|6§j 7

where t is a time period and e;; € {E, U Ec}.

An influencer has a high audience retention rate when his/her audience users consistently

make engagements.
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Definition 3 Influencer Fraud Score (IFS) measures the intimacy between the influ-
encers and engagement bots. For example, an influencer with a high IFS is more likely to be
a fraudulent influencer who may have purchased fake engagements generated by social bots.
Denote the sets of influencers, audiences, and bots are 1, A, and B, respectively. Given an
influencer i € 1, audiences j(¥Vj € A) and pre-defined social bots b(¥b € B), the IFS can be

calculated as follows:
1rs, = $et)
f(U@-, Uj)

where f(vy,vy) is the total number of engagements from vy to v;.

X ]eib\

Based on the above two metrics, a set of influencers can be ranked in two different ways
that essentially show the loyalty of audiences and their authenticity, by learning embeddings

from the given influencer-audience heterogeneous information network.

8.3 Dataset

In this section, we describe the influencer-audience dataset and analyze audience engagement

behaviors based on our proposed metrics.

8.3.1 Audience Data Collection

To evaluate influencer’s audiences, we use the Instagram influencer dataset [92] which con-
tains 33,935 influencers and their 10,180,500 Instagram posts. On average, we have 300 posts
per influencer. The influencers in the dataset are classified into eight different categories in-
cluding beauty, family, fashion, fitness, food, interior, pet, and travel. Each post in the
dataset has a list of audiences who have engaged by liking or writing comments, thus we can
collect influencer audience information. We notice that the posts in the dataset have been
published between November 2010 and January 2018, but 87% of the posts were published
after January 2017. That is, the number of posts exhibits a power-law distribution over in-
fluencers, which is likely to be attributed to the different posting habits between influencers.

For accurate audience analysis, we only include posts published after January 2017, exclud-
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Figure 8.2: Distributions of ARR and IFS of the influencers. ARR has a normal distribution,
but IFS has an exponential distribution. The IFS distribution suggests that a small portion
of influencers is related to engagement bots while most influencers do not purchase fake

engagements.

ing 13% of the posts that were too outdated. We also exclude influencers with less than
10,000 followers and less than 100 posts since these influencers are considered as inactive in-
fluencers. Finally, we collect 9,290,895 unique audiences who had generated 21,374,920 likes
and 44,473,797 comments to 6,244,555 Instagram posts published by 14,221 influencers.

8.3.2 Analysis on Audience Evaluation
8.3.2.1 ARR Distribution

To calculate the ARR of every influencer, we first split the dataset into thirteen timeframes,
each of which represents each month starting from January 2017 to January 2018. Based
on the ARR definition, we first calculate the ratios of loyal audiences between two months
(e.g., Jan.-Feb., Feb.-Mar.), and then compute the average of 12 ratio values to obtain the
ARR for each influencer. Figure shows the ARR distribution of the influencers that
has a normal distribution. The standard deviation, average, and median ARR values of the

influencers are 0.067, 0.187, and 0.182, respectively. This suggests that most influencers have
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similar ARR values, but some influencers have ARR values that are significantly higher or
lower than the average value; the maximum and minimum ARR values are 0.545 and 0.007,
respectively. Note that the average standard deviation of ARR over the timeframes is 0.036.
This demonstrates that our proposed ARR well reflects the temporal variation of audience

engagement.

8.3.2.2 IFS Distribution

To compute the IFS of the influencers, we find potential engagement bot accounts from the
influencer-audience dataset based on the definition of engagement bots used in the previous
studies [149] [, 89]. According to these studies, inauthentic users, who are considered as
potential bots, show different behaviors from authentic users; inauthentic users tend to have
zero or a few numbers of followers and posts, generate lots of engagements, and have high
similarity in their written comments. Based on these characteristics, we identify 1,822 bots
that have zero followers and posts but have generated more than 1,000 engagements in
our dataset. To verify whether the bots we found in our dataset are inauthentic users, we
fetch Instagram pages of the 1,822 bot accounts and 5,000 randomly selected authentic user
accounts as of January 2021. We find that 96.8% of the bot accounts have been deleted from
Instagram while only 7.5% of the authentic user accounts are removed. This suggests that
the identified bot accounts are highly likely to be inauthentic users since Instagram removes
inauthentic activities and accounts [140}, [77]. The IFS distribution of the influencers is shown
in Figure . Unlike the ARR distribution, the scores show exponential distribution.
This represents that most influencers have very low IFS while a few influencers are heavily
connected to inauthentic audiences. Note that the median value is 0.077, and 81% of the
total influencers have IFS less than 1.0 whereas only 2.7% of influencers have IFS greater

than 5.0.
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Figure 8.3: Distributions of ARR and IF'S of the influencers across their categories. Audience
loyalty and authenticity values are varied over different types of influencers. Beauty and
travel influencers tend to have lower audience loyalty than influencers in other categories,

and many fashion influencers are connected to a large set of inauthentic audiences.
8.3.2.3 Audience Analysis on Influencer Categories

We further investigate the loyalty and authenticity of audiences across different influencer

categories. Figure [8.3| shows the ARR and IFS distributions over the eight categories. We
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find that the family and interior influencers tend to have more loyal audiences than the
beauty and travel influencers as shown in Figure [8.3(a)] Note that median ARR values
for family, interior, beauty, and travel are 0.202, 0.202, 0.158, and 0.161, respectively. We
also observe that IFS values have a larger variance by category than ARR. In the dataset,
fashion influencers tend to have more connections with inauthentic audiences than influencers
in other categories. On the other hand, pet influencers are not likely to be related to the
engagement bots in our dataset. Since the characteristics of audiences are different across
the influencer categories, we comprehensively evaluate the proposed framework with different

types of influencers in the experiment section.

8.3.2.4 Correlations with Audience Evaluation Metrics

We next examine the Pearson correlation between two evaluation metrics, ARR and IFS,
to find mutuality in the two ranking lists. The correlation coefficient between ARR and
IFS is 0.177 as shown in Table which indicates a slightly positive correlation. Since
bots consistently generate engagements, the influencers who have high IFS values might
have high ARR values. However, high ARR values do not necessarily mean the influencers
are connected to engagement bots, thereby having a weak correlation. In addition to the
correlation between the two evaluation metrics, we also perform correlation studies between
the evaluation metrics and the degree of influencer nodes in the influencer-audience network
to check potential information leakage during training the proposed model. As shown in
Table there are no correlations between the influencer node degree and the audience
evaluation metrics. This confirms that the popularity of influencers, which can be represented

by the node degree in the network, is not related to the loyalty or authenticity of audiences.

8.4 Methodology

In this section, we present our proposed model. The overview of the proposed framework is

illustrated in Figure The framework consists of three components, engagement encoder,
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Table 8.1: Pearson correlation between evaluation metrics (ARR, IFS) and the degrees of

the influencer nodes (Degree)

coefficient  p-value

ARR & IFS 0.177 < 0.001
ARR & Degree -0.071 < 0.001
IFS & Degree -0.027 < 0.005

multi-relational GCNs, and multi-task decoder.

8.4.1 Contextualized Engagement Encoder

To learn distinct engagement behaviors of users, we exploit user comments that may contain
unique contextual characteristics of the users. The contextualized engagement encoder first
merges all comments written by each user to make a sequence of concatenated comments as
follows:

Cy = |lco,c1, -, el (Vuser uw e {TUAY}).

We utilize the concatenated user comments instead of learning contextualized knowledge
from each comment separately since most user comments in social media are very short thus

not having sufficient textual information.

To capture unique contextualized engagement features from a long sequence of user com-
ments, we adopt the pre-trained Longformer [14], which is capable of processing long doc-
uments. As the concatenated comments generally have long sequences, it is difficult to
apply the transformer-based models that utilize full self-attention due to its quadratic scal-
ing. Longformer, however, addresses this issue by introducing global attention on special
tokens thereby reducing the number of attention procedures and saving memory usage. In
our framework, global attention is applied over user comments thus the relations across the

comments can be induced. We generate contextualized embeddings as follows:

X = Longformer(C) € R™*%,
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Figure 8.4: The overall framework of the proposed ALAIM. The framework consists of three
components including the contextualized engagement encoder, the multi-relational GCNs,

and the multi-task decoder.

where n is the number of users and d is the dimension size of a contextualized embedding.
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8.4.2 Multi-Relational GCNs

To model social relations between influencers and their audiences based on engagements, we
apply graph convolutional networks (GCNs) [94] to the influencer-audience heterogeneous
information networks. Since the network has two relations, R = {r;,r.}, where r; and r,
represent like and comment relations, respectively, we use the multi-relational GCNs to learn
interactions between the two types of engagements. For each relation r € R, we obtain a
normalized adjacency matrix A, =D, %ATD; %, where A, is the adjacency matrix and D,
is the diagonal node degree matrix of a relation r. The output of the i + 1-th layer in GCNs

of relation r is then calculated as follows:
HED — o < ATQ(QWT@) 7

where o is ReLLU activation function; Wr(i) is the weight parameters of relation r at the
previous layer; Q) is the outputs of the i-th layer. Note that the initial node features
Q® = X for the both like and comment GCNs. We then apply attention over the outputs
of the GCNs with different relations to acquire the output of the multi-relational layer as

follows:

QW => a, - HY,
where «, is the estimated importance weight of relation r. This can be computed by using
a softmax function as follows:

o — exp(tanh (F (H,)))
SRl exp(tanh (F (H;)))

2

Y

where F() is a fully-connected layer and tanh() is the activation function.

Finally, the output of Multi-relational GCNs can be obtained as follows:

Q= [Q(l),Q(2), .. 7Q(m)]7

where m is the number of layers in the multi-relational GCNs.
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8.4.3 Multi-task Decoder

To conduct multiple tasks by learning the influencer-audience embeddings, the proposed
multi-task decoder predicts corresponding scores for each task. In the framework, we have
two ranking tasks to evaluate the influencers based on the audience retention rate (ARR)
and the influencer fraud score (IFS). Note that another advantage of our framework is that
it is easily extendable for any potential task, which utilizes influencer-audience embeddings,

can be added as an additional task in the decoder.

We first estimates audience retention rates ¢,,, and influencer fraud scores ;¢ as follows:
garr = «Fa (J (Fb (Q))) )

bis = Fe (0 (Fa(Q))),

where o is the ReLU activation function; F,, F, and F., F; are fully-connected layers to

predict ARR and IFS, respectively.

To properly rank the influencers based on the predicted values, we propose to use a list-
wise learning-to-rank approach [I72]. Denote that y,, and y;¢s are ground truth for ARR
and IFS, respectively; m is the list size. The losses for ARR and IFS then can be computed

as:

. 1, .
Earr(yarr) = E Z l(yarr,i(Qi>7 ya'r'r:i,)a
=1

X LS 0n
Lits(Gigs) = m Z UGirsi(Qi): Yigsi),
i=1
where 1(9:(Q:),y:) 0-1 loss that returns 0 when the ranked result equals to the ground truth
and 1 otherwise.

Finally, the ultimate objective for the multi-task learning by summing up the losses as
follows:

L= Carr + Lifs'

Note that we use a combination of two loss functions since the amount of sampled data

points for both tasks is the same thereby having equal proportions.
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8.5 Experiments

8.5.1 Experimental Setting
8.5.1.1 Implementation Details

We split the dataset into train, validation, and test sets with a 7:1:2 ratio and use the same
sets for all models. To prevent potential information leakage from learning the relationship
among influencers and audiences, we ensure that the same influencers are not included across
the three sets. We train the model by using posts from January to October in 2017, fine-
tune the model using posts published in November 2017, and test with posts published in
December 2017 and January 2018 to prevent temporal leakage. After fine-tuning the model
with the validation set, we set the parameters as follows: the number of layers in the multi-
relational GCNs as 2, the number of GCN features as 128, the batch size as 256, the list size

for list-wise learning as 5, and the learning rate as 1073,

8.5.1.2 Baseline Methods

To compare the performance of the proposed ALAIM with other models, we consider the
following three baseline methods. Convolutional neural networks (CNN) are considered as
the first baseline method to understand the benefits of using the GCN-based approach. We
also evaluate two open-sourced GCN-based methods, GCN [94] and R-GCN [145], to demon-
strate the novelty of the proposed model. Note that we generate contextualized features per
influencer by merging all comments on posts published by the corresponding influencer for
the CNN baseline. For the GCN model, we combine the like and the comment networks into
a single engagement network to make one adjacency matrix since the model only consid-
ers a single relational network. R-GCN learns interactions between different relation types
by sharing the weight parameter. We consider all of the baseline methods as a single-task
learning framework therefore we train the models separately for each task. For node features

in the GCN-based baseline methods, we use one-hot encoded node type information that
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Table 8.2: The number of influencers in different relevance levels over the two audience

evaluation metrics, ARR, and IFS.

Relevance Criteria Number of Influencers

Audience Retention Rate (ARR)

4 ARR > 0.25 2,744 (19.30%)
3 0.25 > ARR > 0.20 3,000 (21.10%)
2 0.20 > ARR > 0.15 3,790 (26.65%)
1 0.15 > ARR > 0.10 2,994 (21.05%)
0 0.10 > ARR 1,693 (11.90%)

Influencer Fraud Score (IFS)

2 IFS>1.0 2,671 (18.78%)
1 1.0>IFS >0.1 3,982 (28.00%)
0 0.1>1FS 7,568 (53.22%)

indicates whether a node is an influencer or an audience. Moreover, we extend the GCN-
based baseline methods by adding our proposed contextualized engagement encoder, named
GCN+ and R-GCN+, thereby having the same node features as ALAIM. In addition to the
three baseline methods, we have ALAIM-single which is a single-task learning model of the

proposed framework to study the performance gain from the joint learning of multiple tasks.

8.5.1.3 Relevance Assignments

We use the normalized discounted cumulative gain (NDCG) [79] to measure the ranking
performances of the models. To assign graded relevance values to the influencers, we divide
the influencers into five and three different levels based on their ARR and IFS, respectively.
Table R.2] shows the number of influencers in different relevance levels and their criteria.

Note that the three relevance levels for IFS can be denoted as groups of influencers who have
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Table 8.3: Ranking performance measured by NDCG score. The proposed ALAIM outper-

forms other baseline methods in both audience evaluation tasks.

NDCG@K
10 100 200 300 500 1000

Audience Retention Rate (ARR)

CNN 0.372 0428 0411 0.437 0403 0479
GCN 0.627 0.622 0.613 0.601 0.592 0.616
GCN+ 0.647 0.640 0.656 0.631 0.637 0.719
R-GCN 0.660 0.674 0.648 0.635 0.621 0.644
R-GCN+ 0.682 0.726 0.702 0.687 0.657 0.727
ALAIM-single 0.841 0.784 0.759 0.738 0.740 0.766
ALAIM 0.895 0.811 0.767 0.750 0.766 0.773

Influencer Fraud Score (IFS)

CNN 0.337 0351 038 0396 0.411 0.413
GCN 0.554 0.597 0.575 0.584 0.591 0.592
GCN+ 0.650 0.648 0.653 0.639 0.666 0.704
R-GCN 0.673 0.622 0.612 0.640 0.638 0.620
R-GCN+ 0.681 0.654 0.658 0.651 0.669 0.705
ALAIM-single 0.803 0.719 0.690 0.701 0.741 0.760
ALAIM 0.820 0.735 0.705 0.711 0.744 0.764

high, moderate, and low risks to be connected to bots. Based on the relevance values, we

aim to rank influencers with high relevance scores in the first position.

8.5.2 Experimental Results

8.5.2.1 Ranking Performance Evaluation

We first compare the ranking performance of ALAIM with other baseline methods. Table[8.3

shows NDCG scores of the models in the two audience evaluation tasks. As shown in Ta-
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ble CNN shows poor ranking performance compared to the other GCN-based methods in
both loyalty and authenticity evaluation ranking tasks. That is because the social relation-
ships with audiences and their engaging behaviors are ignored in the CNN baseline method.
This highlights the benefits of applying the GCN-based approach that enables the model to
learn the features of neighbor nodes. Among the GCN-based models, GCN has relatively
lower ranking performances than others. Since GCN does not adopt multi-relational types,
potential knowledge from interactions between different types of relations can not be learned.
R-GCN, on the other hand, shows better rank quality than GCN by exploiting the multi-
relational networks to capture interactions between the like and comment networks. Note
that R-GCN has 0.660 and 0.673 at NDCG@10 for ARR and IFS tasks, respectively, com-
pared to that of GCN are 0.627 and 0.554. We also find that GCN+ and R-GCN+ which use
the proposed contextualized node features have higher NDCG scores than GCN and R-GCN.
This suggests that the contextualized features over comments are beneficial for both audi-
ence evaluation tasks. Our proposed model with a single task, ALAIM-single, outperforms
other baseline methods at any position of the ranking. This demonstrates that node-level
attention in the proposed multi-relational GCNs helps estimate the importance of nodes in
different relations thereby inducing decent audience embeddings. Finally, ALAIM, which
incorporating multi-task learning, outperforms all baseline methods. Note that there are no
significant differences between ALAIM and ALAIM-single at NDCG@1000, but performance
improvement can be found in the higher-ranking position. This implies that knowledge is

shared from the related task benefits to evaluate audiences.

8.5.2.2 Ranking Performance across Influencer Categories

We next investigate the ranking performance over different influencer categories since the
interests or engagement behaviors of audiences may be varied upon the types of influencers’
expertise. We randomly select influencers in each category from the test dataset to assure
the influencers for testing are not in the training set. Note that all the pet influencers in

the testing set are assigned to the relevance level 0 in IF'S, thus IFS ranking results for the
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Figure 8.5: Ranking performance across the influencer categories. ALAIM shows robust

ranking results for loyalty and authenticity evaluations.

pet influencers are always zero. Figure shows the ranking results of ALAIM and baseline
methods measured by NDCG@100 for ARR and IFS across the eight influencer categories.
We find that ranking performance varies over the categories but the proposed ALAIM shows
robust ranking results across all influencer categories and outperforms other baselines. This

suggests that our proposed framework can be applied to evaluate specific types of influencers.
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8.6 Analysis and Discussions

In this section, we conduct analytical studies to discuss (i) the audience evaluation metrics,

(ii) the contextualized engagement embedding, and (iii) node features.

8.6.1 Analysis on Evaluation Metrics

In influencer marketing, the number of followers and likes, and the engagement rate, which
is the ratio of the average number of likes to the number of followers, have been widely
used to find effective influencers |22 [170]. However, those metrics may fail to measure
the quality of influencers’ audiences who are potential customers of marketing campaigns.
Therefore, in this study, we propose two metrics, ARR and IFS, to evaluate the loyalty and
authenticity of audiences, respectively. To understand the utility of the proposed ALAIM
and the importance of ARR and IFS, we carry out a case study by investigating highly

ranked influencers.

Table shows the fifteen example influencers, who are ranked by the proposed metrics
and engagement rate, with their number of followers and the average number of likes. We first
find that influencers A to E, who are selected based on engagement rate, have remarkably
high engagement rates; they have engagement rates higher than 7%. Note that influencers
with engagement rates of 2-3% and 4-6% can be considered as good and excellent, respec-
tively [170]. However, these influencers have average ARR values, and some of them (e.g.,
influencers D & E) have very high IFS values. This suggests that if only the engagement rate
is considered, influencers using fake engagements or influencers with less loyal audiences may
be included. In addition, the influencers obtained this way are usually micro-influencers with
relatively few followers compared to other influencers; influencers from A to E have less than
100,000 followers. That is because the engagement rate is generally inversely proportional
to the number of followers. On the other hand, the proposed ALAIM successfully finds a set
of influencers who have many loyal audiences. For example, influencers from F to J not only

have high ARR values but also have good engagement rates and wide ranges of the number
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Table 8.4: The example influencers ranked by different audience engagement metrics in-
cluding the engagement rate (EngRate), ARR, and IFS. Although the engagement rate is
a widely used indicator in influencer marketing, considering only the engagement rate may

ignore loyal audiences or include engagement bots.

Influencer Followers Avg. likes EngRate ARR IFS

Engagement Rate (EngRate)

A 16,530 2,018 12.21% 0.171  0.006
B 12,507 1,18  9.48%  0.187  1.330
C 41,060 3,640 8.87% 0.101  0.000
D 16,320 1,273 7.80% 0.175  2.275
E 17,921 1,357 7.57% 0.175  7.398
Audience Retention Rate (ARR)
F 1,970,911 47,036 2.39%  0.420 0.000
G 784,270 27,563 3.51%  0.389  0.000
H 17,025 567 3.33% 0.369 0.004
I 955,461 29,798 5.36%  0.360  0.000
J 21,759 1,230 5.65%  0.340 0.082
Influencer Fraud Score (IFS)
K 13,131 1,363 10.38%  0.209 13.961
L 125,024 2,930 2.34%  0.330 9.316
M 35,146 1,976 5.62%  0.232  7.548
N 36,551 1,396 3.82%  0.274  6.647
0 494239 8441 1.71%  0.305 4.801

of followers. We can also utilize ALAIM to filter out influencers with fraudulent behavior.
Influencers from K to O have good engagement rates and ARR values, but they should not

be recommended to marketers due to high IF'S values.
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Table 8.5: Ranking results of the proposed ALAIM with different contextualized features.
The model with Longformer outperforms the model with BERT since it efficiently learns

engagement behavior from the long sequence of very short user comments.

NDCG@K
10 100 200 300 500 1000

Audience Retention Rate (ARR)

ALAIM-NoContext 0.773 0.672 0.662 0.629 0.657 0.704
ALAIM-Bert 0.845 0.771 0.746 0.733 0.741 0.752

ALAIM 0.895 0.811 0.767 0.750 0.766 0.773

Influencer Fraud Score (IFS)

ALAIM-NoContext 0.720 0.652 0.619 0.629 0.668 0.681
ALAIM-Bert 0.767 0.719 0.680 0.688 0.735 0.759

ALAIM 0.820 0.735 0.705 0.711 0.744 0.764

In summary, the proposed ALAIM is useful in finding influencers with good performance
indicators. Unlike the number of likes or the engagement rates, which are accessible from
most social media platforms, the ARR and IFS cannot be simply inferred as they require
audience engagement information. Therefore, we believe that the proposed framework shows
great utility in general influencer marketing since it only takes the engagement network and
the contextualized engagement embeddings as input but not utilizes other information such

as the degree of the engagements and bot labels.

8.6.2 Analysis on Contextualized Engagement Embedding

The proposed framework uses Longformer [14] to capture the contextualized information
from the audiences’ comments. To understand the importance of the contextualized engage-
ment embeddings, we conduct experiments with (i) original ALAIM, (ii) ALAIM-Bert, and
(iii) ALAIM without contextualized embeddings. We first employ BERT [46] to generate

the engagement embeddings. Since the main drawback of BERT is that the computational
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cost of the attention calculations grows quadratically with the length of an input sequence,
we generate a BERT feature for each comment without concatenating all comments into
one. We then combine the generated comment BERT features to make the BERT-based
engagement embedding. We also deploy ALAIM without the contextualized engagement en-
coder, named ALAIM-NoContext, for comparison purposes. For this model, we use one-hot

encoded node type information as the node features.

Table [8.5 shows the ranking results of the proposed framework with three different con-
textualized embeddings. We find that ALAIM-NoContext has the lowest ranking perfor-
mance since it only relies on the knowledge learned from multi-relational networks. This
demonstrates that contextual information over comments is very useful to capture distinct
characteristics of each audience. For example, an embedding of a loyal audience who tends
to write comments with positive sentiments must be different from an embedding of an-
other user who usually uses simple words or emojis to write comments. The results also
present that ALAIM-Bert has lower ranking performances than ALAIM with Longformer.
This implies that BERT sometimes fails to learn contextualized information from very short
comments which contain only a couple of words thereby the combined BERT features can
not represent the engaging behavior of an audience well. Besides the ranking performance,
we confirm that Longformer significantly reduces the computational time and memory con-
sumption compared to BERT. In our experimental setting, Longformer is about 10 times

faster and saves about 10 times of memory than BERT.

8.6.3 Analysis on Node Features

We propose to use only the contextualized engagement embeddings as node features to make
the framework general; our framework requires minimal engagement information as input.
However, any potential information, given from social media platforms, that represents the
characteristics of a node can be added as a node feature as our proposed framework takes the
GCN-based approach. In this analysis study, we use the influencer category information as

additional node features since we found that both ARR and IFS are varied across different
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Table 8.6: NDCG@100 scores of the proposed framework with different node features across
the influencer categories. The proposed framework can have performance gain by adding

node features on specific tasks.

NDCG@100

Beauty Family Fashion Fitness Food Interior Pet  Travel

Audience Retention Rate (ARR)

ALAIM 0.776  0.784  0.885 0.921 0.725 0.861 0.872 0.762

ALAIM-category 0.782  0.783 0.890 0.921 0.739 0.868 0.874 0.766

Influencer Fraud Score (IFS)

ALAIM 0.703 0.724  0.908 0.676 0.651 0.640 0.000 0.699

ALAIM-category 0.698 0.728 0.908 0.701 0.643 0.672 0.000 0.708

influencer categories.

Table shows NDCG@100 scores of the proposed framework with and without the
influencer category information as node feature. Note that We use the one-hot coded cat-
egory node features for ALAIM-category. We find that the extra node features improve
the ranking performance on some categories of influencers in certain tasks. For example,
ALAIM-category shows better ranking performances in (i) beauty, fashion, and food cate-
gories on the ARR task, and (ii) family, fitness, and travel categories on the IFS task, than
ALAIM with no category information as a node feature. On the other hand, the category
node features do not improve the performance in some other categories. This reveals that
utilizing additional node features can be beneficial for specific tasks. Therefore, marketers
or social media platforms may add unique features to the proposed framework for their

objectives.
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CHAPTER 9

InfluencerRank: Discovering Effective Influencers via
Graph Convolutional Attentive Recurrent Neural

Networks

9.1 Introduction

Influencers are known as individuals who influence a magnificent number of people on social
media. This, in turn, has attracted great attention to marketers since influencers and their
huge fan bases can be considered as marketing channels and audiences, respectively [44], 50].
More recently, companies have started hiring influencers to advertise products for targeted
audiences and expand brand awareness. It has been reported that the value of the influencer

marketing industry can reach $15 billion by 2022 [146].

Due to the rapid growth of social media and influencer marketing, discovering effective
influencers on social media has become increasingly important [139] [84]. For measuring user
influence on social media, well-known metrics, such as the numbers of followers, retweets, and
mentions, have been widely applied [10] [148]. In addition, information propagation [141] [152],
86], social connections [101], network centrality [31], and multi-relational network [107] [8§]
have been used to identify influencers on social media. Among the various measures, the
effectiveness of influence [103], often measured by the engagement rate [44] 105 [39], has
been considered as crucial in identifying effective influencers especially in the marketing
domain. The engagement rate can be calculated as the ratio of the average number of likes
to the number of followers, which essentially shows how much audiences engage with the

corresponding influencer.
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Figure 9.1: The number of likes on posts published by two influencers across the time.
Although two influencers have similar numbers of followers, the average numbers of likes
(i.e., dotted lines) are significantly different. Additionally, the number of likes dynamically

changes over time.

To discover the effective influencers (i.e., influencers with high engagement rates), previ-
ous work used posting behaviors of influencers or characteristics of their posts. For example,
some researchers utilized the social networks among influencers [141], 103} 52]; analyzed post
contents to derive statistical features in identifying influencers [101]. However, none of these
studies jointly and comprehensively modeled posting behaviors, post characteristics, and
social networking behaviors, which may result in a biased or partial representation of the
effectiveness of influencer. For example, as shown in Figure two influencers have similar
numbers of followers hence they may be considered as having similar effectiveness, but their
actual engagement rates are shown to be significantly different. Although some methods
applied the PageRank algorithm on influencer-content graphs [152] and independently de-
rived the features of influencers and posts [103], the PageRank algorithm can be biased to a
certain type of nodes [I8] when the relations between influencers and posts are ignored by

independent features.

To address this issue, we propose to use a heterogeneous network to model the effec-

tiveness of influencers with their posting behavior, social networking behavior, and post
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characteristics together. In addition, considering historical behavioral patterns can be fur-
ther beneficial to discover effective influencers since posting behavior of an influencer can
change dynamically over time. For instance, as shown in Figure 9.1} although an influencer
does not receive many likes in the most recent time period, he/she may receive many num-
ber of likes in the future if he/she was used to get great attention in the past. Moreover,
analyzing time-varying behavior patterns can provide more evidence on the robustness of
an influencer. For example, the unstable performance (or effectiveness) of an influencer over
time may not be desirable even if he/she satisfies the performance in the most recent time
period. Hence, taking such time-varying behavior patterns into account for discovering ef-
fective influencers is essential. However, most of the prior studies only focused on the most

recent information without considering the historical patterns of influencers.

In this paper, we propose InfluencerRank, a learning framework, that discovers effective
influencers in social media by learning historical behavioral patterns of influencers. For
comprehensively representing the effectiveness of an influencer, we build a heterogeneous
information network that consists of influencers, hashtags, user tags, and image objects
used by influencers for each historical time period [174], [180]. To learn the complex posting
behaviors, social networking, and post characteristics of each influencer, we apply graph
convolutional networks (GCNs) [94] with well-designed influencer features, thereby deriving
the influencer representation at a certain period. Based on the influencer representations
over different historical time periods, the attentive recurrent neural network is proposed to
learn the sequential and temporal behaviors to derive an ultimate representation. Finally,
a learning-to-rank framework ranks a list of influencers to discover the ones who are more
effective than others. The utility is expected to significantly increase given a recent decision
of Instagram, one of the most popular influencer marketing platform [119], that hides the
number of likes on each post [78] [104] to help mental health issues of social media users [142].
Unlike prior work, the number of likes is not used in discovering influencers in InfluencerRank,
hence our proposed model can be particularly used by brands with relatively small business

sizes, who may be suffering from the heavy expense of discovering effective influencers among
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millions of candidates [76] in a situation where the number of likes is hidden from other users.

9.2 Problem Statement

In this section, we formally define the effectiveness metric of an influencer and then formulate

the problem of discovering effective influencers.

Definition 4 Engagement rate is a widely-used metric in influencer marketing that shows
how much audiences actively engage with an influencer [{4), 105, [39]. Given an influencer
u, the engagement rate of the influencer at time t is calculated as follows:
It
Bt =
Ju
where f, is the number of followers who follow the influencer u and I!, is the average number

of likes on content posted by the influencer u at timestamp t.

Based on the definition of influencer effectiveness, we introduce the influencer ranking prob-
lem. Let U be the set of influencers. For each timestamp ¢, we suppose that an influencer
u has published a set of posts P!. Given the set of influencers U and their posts published
until time k, {P! | 1 <t < k}, the goal of this work is to discover influencers with high
engagement rates at time k by ranking all influencers u € U so that Efj is greater than Efjj

if the influencer u; is ranked higher than the influencer ;.

9.3 Influencer Ranking Model Framework

In this section, we propose InfluencerRank that learns the temporal dynamics of the engage-
ment rates of influencers to automatically discover highly effective influencers. Figure [9.2
shows the overall framework of the proposed InfluencerRank. The framework takes a series
of influencer social networks as input, where each network is composed of influencers and
different entities, including but not limited to image objects, hashtags, and other users in

social media. The graph convolutional networks (GCNs) are then applied to the input social
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Figure 9.2: The overall framework of the proposed InfluencerRank.

networks to derive appropriate node representations that capture social relationships and
posting characteristics of influencers at a certain time. The GCN-encoded representations
across different times are then fed into a recurrent neural network to learn from the sequence
of the node representations. The attention mechanism is then applied to the whole sequence
of representations to finally derive the effectiveness scores of candidate influencers and rank
them for discovering effective influencers. In sum, Table further summarizes the major

notations in this paper.

9.3.1 Heterogeneous Information Networks

To represent the dynamics of the engagement rates on a sequence of time, we build & hetero-
geneous networks G = {G1, Gy, - - - , Gi} based on the influencers and other relevant entities.
Hence, G; can further characterize the relationships of influencers and their posting behaviors

at time t.

9.3.1.1 Heterogeneous Nodes and Embedded Features

We build a heterogeneous network G; for time ¢ with four different types of nodes, including

influencers, hashtags, image objects, and other users in social media. Given an influencer u,
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Table 9.1: Summary of notations and their descriptions.

Notation Description

E! the engagement rate of an influencer u at time t.

It the average number of engagements on contents posted by the influencer u at
time t.
1t the number of followers for an influencer u at time ¢.
U the set of influencers.
p! the posts published by the influencer u at time t.
Gt = (X¢, A¢) | the heterogeneous network for time ¢ with the node features X; and the adja-
cency matrix A;.

A, Normalized adjacency matrix transformed from Ag.
d the number of dimensions for embedded node features.
D the diagonal degree matrix of Ag.
r the number of hidden dimensions in GCNs.

F® the outputs of the i-th GCN layer.

w (@) the weight matrix between F(®) and FUG+1).
Ry the GCN-encoded representation for time ¢.

H, the hidden states in the RNN for time ¢.
S the list of hidden states in the RNN over time.
T the importance weight for Hy.

Fal() the fully-connected layer for deriving 7.
Qy the normalized importance weight for Hy.
Cy the final representation of the influencer u.
Yu, the predicted engagement score for the influencer u.

Fu(+), Fe(-) | the fully-connected layers for inferring g,,.

we extract all of the hashtags {h;}¢_, € H and mentioned users (i.e., user tags) {Uj}.l;-zl eV

from posts P!, where a and b indicate the number of extracted hashtags and mentioned

users, respectively. Note that the mentioned users can be either influencers, brands, or other
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normal users. In addition, the categories of objects shown in the posted images {ox}f_, € O
are also considered as nodes. Since each type of node has unique features, we denote the
node features of influencers, mentioned users, hashtags, and object categories in images as
XU, XY, XH and X2, respectively. We then represent embedded features of each node as
X; = [XV; XV; XH; XP] € RV*4 where N is the total number of all four types of nodes
and d is the number of embedded node features. Note that we describe the details of node

features utilized for the experiments in Section [9.3.5|

9.3.1.2 Edge Construction and Adjacency Matrix

The edges in the heterogeneous network indicate the interactions between entities behind
nodes. For example, if an influencer mentioned the hashtag #makeup and posted an image of
cosmetic products, the influencer node will be connected to the node of the #makeup hashtag
and the node of the cosmetic image object. Given a timestamp ¢, we make a sparse adjacency

matrix Ay € RVN where A, = 1 indicates a connection between the i-th and j-th nodes.

Finally, a set of k heterogeneous networks G with the sets of node features and adjacency

matrices can be constructed as follows:
G == {G17G27 e 7Gk}7

where G; = (X4, A¢) indicates both the node embedded features X; and the heterogeneous

network structure A; at time ¢.

9.3.2 Graph Convolutional Networks

For the heterogeneous network G; of each time ¢, our proposed InfluencerRank applies Graph
Convolutional Networks (GCNs) [94] to generate node representations over time. GCNs first
generate a normalized adjacency matrix A, by transforming the adjacency matrix A; with
the diagonal degree matrix D as A, = D2 A,D~2. GCNs then stack multiple GCN layers
where each layer takes outputs of the previous layer and performs nonlinear transformation

to propagate information through different layers. The i-th layer in GCNs then outputs
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F® ¢ RNX" a5 follows:

FU):”7<AtF@—vaﬁ—U>’
where 7 is the number of hidden dimensions in GCNs, F¢—1 ig the outputs of the previous
layer, W (1) is a matrix of trainable weights, and o(-) is a nonlinear activation function.
We use X, for F(® as the input of the first GCN layer. The final output of the GCNs R,

at time t can be represented as follows:
R, = [F(l),F(z), o ’F(e)] ’

where e is the number of layers in GCNs.

Finally, we can obtain a sequence of GCN-encoded node representations, [Ry, ..., R,

to implicitly represent the knowledge about influencers over time.

9.3.3 Attentive Recurrent Neural Networks
9.3.3.1 Learning Graph Dynamics

Based on the sequence of GCN-encoded node representations, [Ry, ..., Rg|, InfluencerRank
applies Recurrent Neural Networks (RNNs) to the model framework. More specifically, we
employ Gated Recurrent Units (GRUs) [36], which use update gate and reset gate inside the
unit to carry information flow over many time periods, to capture long-term temporal depen-
dencies from the heterogeneous networks. Note that we decide to use GRU instead of Long
Short-Term Memory (LSTM) [72] in conducting performance comparison in Section [9.5.4]
Each GRU takes hidden states from the previous unit and the GCN representations as input
and then outputs hidden states of the current time. More formally, the hidden states at time

t, H; is computed as follows:
Ht = (1 — Zt)Ht—l + Ztﬁt,

where z is an update gate at time ¢t and H, is the candidate state at time ¢. The candidate

state is updated as follows:
H, = tanh(W - [r; ® H;_1, Ry)),
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where r; is an reset gate at time ¢, ® is an element-wise multiplication, and R; is the GCN
representations at time ¢. Finally, InfluencerRank obtains the whole states of GRUs as
follows:

S:[Hl,HQ,...,Hk].

9.3.3.2 Attention over Time

To acquire the final influencer representations, InfluencerRank applies the attention mech-
anism [8] to the whole state embeddings derived from GRUs S. The attention mechanism
allows InfluencerRank to learn the dynamics of the engagement rates by taking into account

only a certain time period.

For each timestep ¢, InfluencerRank estimates the importance weight of the corresponding

state embedding by applying a projection as:
7, = tanh (F, (Hy)),

where F,(+) is a fully-connected layer; tanh(-) is the activation function. We then compute
the weights of each timestep by using a softmax function as:
o — exp(7y)
tT kN
>io1 exp(T;)
Finally, InfluencerRank derives the ultimate representation of candidate influencers by using

the weighted sum as follows:
k

C:ZOQ'HZ'.

i=1
9.3.4 Engagement Score Estimation

For an influencer u, InfluencerRank takes the corresponding ultimate representation ¢, as
the input and then predicts an engagement score y, that is proportional to the engagement
rate E¥ as follows:

Yu = Fe (ReLU (]:b (CU))) )
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where a non-linear transformation is carried out in a fully-connected layer F.(-) with the
ReLU activation function and the engagement rate is estimated in another fully-connected

layer Fp(-).

9.3.4.1 List-wise Ranking and Optimization

InfluencerRank treats the task as a ranking problem and optimizes the ranking performance
with a list-wise learning-to-rank framework [I72]. Suppose Z is the set of features for in-
fluencers to be ranked; Y is the space of all possible rankings. During training, we sam-
ple m labeled influencers from the whole training space as an i.i.d. candidate ranked list
S ={(Zi,yi)},~, ~ Pzy, where Py is the unknown target joint probability distribution of

Z and Y. Therefore, the corresponding loss Lg can be considered as:

Lo(d) = — S UH(Z:), we),

m <
=1

where 1(§(Z;),y) is the 0-1 loss between §(Z;) and the rank in y; y; denotes the ground-

truth ranking.

9.3.5 Node Features

In this subsection, we describe node features in the heterogeneous network. To understand
the relationship between the engagement rate of an influencer and the characteristics of
the corresponding influencer, we introduce six types of node features, including node type,
profile, image, text, posting, and reaction features.Note that most of the features are only
applicable for influencer nodes while the remaining nodes (e.g., hashtags, image objects)
hold zeros for the inapplicable features. For the feature engineering, we deploy the average,
median, minimum, and maximum values for the features that need to be aggregated with

statistics.

e Node type features. The one-hot coded feature that indicates one of the four node

types, including influencers, other users, hashtags, and image objects.

123



Table 9.2: Six categories of node features that represent node characteristics.

Category Feature Description
Node Node Type Node type in the heterogeneous network.
Followers and Followees | Numbers of followers and followees.
Profile Posts Number of published posts.
Influncer Category Major interest of the influencer.
Brightness Perception of luminance of posted images.
Image [59] Colorfulness [69] Chromatic level of posted images.
Color Temperature Degree of warmness of posted images.
Hashtags Number of hashtags(#) in a post.
Usertags Number of usertags(@) in a post.
Text [71] Emojis Number of emojis in a post.
Length Length of text in a post.
Post Sentiment [60] Sentiment scores of text in a post.
Category Rate Ratio of the posts in a certain category.
Advertising Rate Ratio of the advertising posts.
Posting
Feedback Rate Ratio of the responded posts.
Posting Interval Time interval between consecutive posts.
Reaction | Comment Sentiment [60] || Sentiment scores of post comments.

e Profile features. For each influencer node, we exploit the numbers of followers, fol-
lowees, and posts which are the most commonly used metrics to measure user influence
in social networks [139]. Additionally, we consider a category of influencers from eight

influencer categories defined in the previous study [92].

e Image features. The previous study [59] showed that the characteristics of images
on social media posts affect its popularity. In addition to the image objects which
are considered as nodes in the heterogeneous network, we add the attributes of visual
perception of the images to understand how influencers create images. We compute
the brightness, colorfulness [69], and color temperature of the posted images based on

their RGB values.
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e Text features. To understand how textual usage of influencers affects the engage-
ment rate, we retrieve various text features. More specifically, we use the numbers of
hashtags, user tags, and emojis that are widely used functions on social media, and
the length of captions which can represent how much detailed information is in the
caption [71]. Moreover, we also calculate the sentiment scores of captions to learn how

positive or negative emotions are carried through the captions by using VADER [60].

e Posting features. The features in this category can provide information about how
influencers use social media from various aspects. We first exploit the portion of the
number of posts in one of the ten post categories [92] to the total number of posts
to understand the posting behavior of influencers. In addition to the post category
rate feature, we also examine the portion of the number of advertising posts to the
total posts published by an influencer; posting too many paid advertisements can show
negative impacts on the popularity [50, [I76]. We also consider the feedback rate and
posting interval, which are the measures of the interaction with their followers and
activeness, respectively. The feedback rate is calculated as the ratio of the number of
posts that contain the influencers’ responses to the user comments to the number of
total posts. The posting interval is the average time gap between posts that are in

chronological order.

e Reaction features. We use the user comments to generate the user reaction fea-
ture. Specifically, we compute the sentiment scores of comments that are written by
audiences of the influencers’ posts. Note that we do not consider the number of likes
and comments as node features since it can directly imply the engagement rates of

influencers.
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9.4 Experiments

9.4.1 Experimental Dataset
9.4.1.1 Dataset Construction

To evaluate the proposed InfluencerRank, we use the Instagram influencer dataset [92]. The
dataset includes profiles of influencers, and their posts, including both images and all meta-
data. We only keep the posts that were published in the range of January 1st, 2017 and
December 31st, 2017, to build temporal influencer networks. As a result, the dataset consists
of 18,397 influencers and 2,952,075 posts. For the experiments, we split the dataset into the
training dataset, which contains posts from January to November, and the testing dataset

that contains posts published in December.

9.4.1.2 Heterogeneous Network Construction

To build the temporal heterogeneous networks, we first divide the whole dataset into 12
subsets by one-month intervals. Note that we conduct experiments to analyze ranking per-
formances across different temporal window sizes in Section thereby having the proper
time intervals. We then extract all hashtags and user tags from the post captions and detect
objects from the images. As a consequence, 1,151,082 unique hashtag nodes, 532,468 other
user nodes, and 1,000 image object nodes are found across the networks and connected to
the corresponding influencer nodes. To further reduce noises in the dataset, we remove every
auxiliary node (i.e., hashtags, other users, and image objects) with only a single edge while
edges with normalized frequencies less than 0.01 are also discarded. After the pruning pro-
cess, 18,397 influencers, 20,744 other users, 67,695 hashtags, and 996 image objects are in the

networks (i.e., 107,832 nodes), and a total of 15,090,225 edges remain across the networks.
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Table 9.3: Statistics of influencers in the dataset across different relevance levels and criteria

for the engagement rates.

Relevance | Engagement rate E(-) | Number of Influencers
5 E(-) >0.10 1,274 (6.92%)
4 0.10 > E(-) > 0.07 1,678 (9.12%)
3 0.07 > E(-) > 0.05 2,321 (12.62%)
2 0.05 > E(-) > 0.03 4,509 (24.51%)
1 0.03 > E(-) > 0.01 6,882 (37.41%)
0 0.01 > E(-) 1,734 (9.42%)

9.4.2 Experimental Settings
9.4.2.1 Evaluation Metrics.

Based on the definition in Section [9.2] we first compute the engagement rates for all influ-
encers in across all timesteps as the ground truths. Note that the average engagement rate
is 0.038 and the median engagement rate is 0.029. We utilize two metrics to evaluate the

performance of ranking influencers.

e Normalized Discounted Cumulative Gain (NDCG) [80]: First, we divide all of the influ-
encers into six groups with different thresholds on the engagement rates and relevance
levels from 0 to 5. Table [0.3 further shows the statistics of influencers in the dataset
across different relevance levels and criteria for the engagement rates. We then treat

the relevance levels as ground truths to evaluate the ranking performance with the

metric of NDCG.

e Rank-Biased Precision (RBP) [116]: To avoid losing valuable information while con-
verting the engagement rates to the six relevance levels, we directly use the engagement

rates with the metric of RBP. We set the probability p as 0.95 to measure rank quality.
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9.4.2.2 Implementation Details

For the hyperparameter tuning, we use a validation set which contains posts published by
the 18,397 influencers in January 2018. Since our model is optimized with the validation
set, we can avoid potential information leakage from the testing set. After tuning the model,
we set the numbers of dimensions of the graph embeddings and GCN features as 128, and
the number of GCN layers as 2. Each batch contains 1,024 lists of influencers, and each list
includes 10 randomly selected influencers for list-wise learning. The learning rate and the

dropout probability are set as 0.001 and 0.5, respectively.

9.4.2.3 Baseline Methods

We compare the performance of InfluencerRank with nine baseline methods in three different

categories, including User, Ranking, and Graph.

User Baselines. The baseline methods in this category exploit information on social media
to measure the popularity of users with certain features. Since user popularity is often to be
considered as an important factor in influencer hiring |44, 26], [105], we develop three methods

from previous studies as the baseline approaches in this category as follows:

e User Popularity (UP) [10] estimates the popularity of users by applying ordinary linear
regression (OLS) with a set of hand-crafted user-seed features, the number of followers,

the number of friends, the number of posts.

e Post Popularity (PP) [I11] predicts the popularity of users based on their social media
posts. More specifically, an L2 regularized loss support vector machine (SVM) tackles
the task with several post-related features, including brands, user mentions, sentiment

scores, and image aesthetics and concepts.

o User Activity (UA) [10I] applies features in three aspects, including network-based
features, post-related features, and activity-based features. For the network features,

UA exploits the PageRank scores [126] while the post-related features include the

128



statistics of user mentions. The activity-based features describe the user activities like

the comments in the posts of other users.

Ranking Baselines. We deploy two ranking baseline methods that exploit the same fea-

tures described in Section without knowledge of graphical structure.

e ListNet (LN) [23] is a list-wise learning-to-rank algorithm, using neural networks with
gradient descent to model appropriate permutation probabilities to simultaneously

optimize the overall ranking performance.

o LambdaMART (LM) [21] adopts the technique of the lambda function to optimize the
specific evaluation metrics. Based on MART, LamdaMART can directly optimize the

NDCG scores as a list-wise learning-to-rank algorithm.

Graph Baselines. The baseline methods in this category implement graph neural net-
works (GNNs) based learning models. Note that the applied features of InfluencerRank and
graph baselines are identical so that we can fairly evaluate the model novelty and capability

for the ranking task.

e Graph Convolutional Recurrent Network (GCRN) [150] extracts features by stacking

graph CNNs and then applies LSTM to learn sequence of structures.

o DeepInf [134] generates a node representation by utilizing convolutional neural and
attention networks. A fixed-size sub-network of each node is extracted by using random
walk and node features are considered to incorporate both network structure and user-

specific features.

e Recurrent Cascades Convolutional Networks (CasCN) [32] predicts the size of infor-
mation cascades in networks. CasCN samples sub-cascade graphs to learn the local
structures by using CGNs, and then applies RNNs to learn the dynamics of the cascade

graphs.
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Table 9.4: RBP, NDCG@K scores, and training time of the proposed InfluencerRank and

the nine baseline methods.

NDCG@K Time

Method RBP
1 10 50 100 200 (sec)
UP [10; 0.025 | 0.800 | 0.436 | 0.413 | 0.406 | 0.368 347
PP [I11] 0.028 | 1.000 | 0.519 | 0.465 | 0.442 | 0.425 | 295
UA [1071] 0.024 | 0.800 | 0.518 | 0.494 | 0.438 | 0.436 | 330
LN [23; 0.026 | 1.000 | 0.610 | 0.511 | 0.465 | 0.441 481
LM [21] 0.031 | 1.000 | 0.648 | 0.546 | 0.493 | 0.477 | 563

GCRN [150] 0.028 | 1.000 | 0.629 | 0.557 | 0.513 | 0.467 | 612
DeepInf [134] 0.031 | 1.000 | 0.697 | 0.567 | 0.549 | 0.512 | 525
CasCN [32] 0.033 | 1.000 | 0.751 | 0.645 | 0.572 | 0.543 | 1109
EGCN [127] 0.038 | 1.000 | 0.812 | 0.679 | 0.616 | 0.577 | 1483

InfluencerRank || 0.043 | 1.000 | 0.864 | 0.720 | 0.661 | 0.614 | 648

e FEvolving Graph Convolutional Networks (EGCN) [127] generates node representations
in evoloving networks. EGCN exploits RNNs to learn graph dynamics and uses it as

the parameters of the GCNs thereby capturing evolving sequence.

9.4.3 Experimental Results

Table shows RBP, NDCG scores, and training time of InfluencerRank and the nine
baseline methods for discovering influencers with high engagement rates. All of the three
methods in the user baselines, which exploit the social media features, obtain low ranking
results. This suggests that only considering social media features is insufficient to discover
effective influencers. The ranking baseline methods, on the other hand, show better ranking
performance compared to the user baseline methods since they use our proposed features.
It demonstrates that our proposed features are very useful to capture the characteristics
of influencers, thereby discovering effective influencers. Next, most of the graph baseline
methods outperform the user baselines and ranking baselines. More specifically, among

the graph baseline methods, GCRN [150] shows limited ranking performance improvement
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since it only resorts to temporal-spatial structures of graphs without taking into account
the node features. DeepInf [134] demonstrates better ranking performance than GCRN by
exploiting the graph convolutional networks that take advantage of the network structures
of different entities while the features in different aspects provide sufficient knowledge to
describe both influencers and other entities in the graph. Both CasCN [32] and EGCN [127]
further improve performance by applying recurrent neural networks to adjacency matrices
of temporal graphs. This suggests that the learning dynamics of graph structures with node

features over time is beneficial in discovering effective influencers.

Finally, our proposed approach, InfluencerRank, outperforms all of the baseline methods.
This is because our model derives informative influencer representations over time by using
the graph convolutional networks and the attentive neural network, and effectively learns
the dynamics of influencer characteristics and engagement rates. The results also show that
InfluencerRank is able to learn the latent influencer representations in a reasonable amount
of training time compared to the other baseline methods. CasCN and EGCN, on the other
hand, have significantly longer training time than InfluencerRank. This is probably because
the proposed framework successfully learns the importance of hidden states in the RNNs by
applying attention while other baseline methods combine RNNs with GCNs without taking

the importance of each temporal graph into account.

9.5 Analysis and Discussions

In this section, we conduct six analyses to understand the importance of (i) the temporal
window size, (ii) the temporal information, (iii) the model components, (iv) the type of
RNNs, (v) the heterogeneous networks, and (vi) the input features. We then evaluate the
performance of InfluencerRank on various sets of influencers which are grouped by the size

of audiences.
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Figure 9.3: Ranking performance over different temporal window sizes. InfluencerRank

trained with the 1-month window size shows the best performance.

9.5.1 Analysis on Temporal Window Size

We first investigate the effect of different temporal window sizes for heterogeneous network
construction. To that end, we split the training dataset which has posts in 11 months period
into sub-datasets by five different temporal window sizes including 1 week, 2 weeks, 1 month,
2 months, and 3 months. Note that we use the same testing dataset across the five different
window sizes for consistent performance comparison. The RBP and NDCG@200 scores of
the InfluencerRank over the different temporal window sizes are shown in Figure [0.3] We
find that the model trained with the networks divided by 1-month intervals shows the best
ranking performance whereas the model trained with the 1-week temporal window has the
lowest ranking scores. InfluencerRank loses 5.7% performance on NDCG when the model
is trained with the 1-week window size compared to the model trained with the 1-month
window size. This suggests that the heterogeneous networks of the models, which are trained
with temporal window size shorter than 1-month, have insufficient information to learn the
dynamics of engagement rates. We also observe that the ranking performance gradually
decreases while we use the longer temporal window size. This implies that the model trained

with a large window size fails to take into account the variance of engagements by using the
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Figure 9.4: Ranking performance on different lengths of timestamps. InfluencerRank

achieves higher ranking scores with longer history.

average like counts of all posts in each sub-dataset. The analysis results also demonstrate
that learning the temporal dynamics of the engagement rates is very important to find

effective influencers.

9.5.2 Analysis on Temporal Information

We next evaluate the ranking performance of the proposed model by using the different
number of temporal input networks for training the model. Figure shows RBP and
NDCG@200 scores of the InfluencerRank over the number of temporal graphs. Note that
the model uses the most recent temporal graphs. For example, a model trained with two
temporal graphs learns two networks in October and November in our dataset. We observe
that the performance significantly drops when InfluencerRank obtains insufficient historical
information. InfluencerRank loses 15% performance on NDCG if the model uses only one
graph compared to the model that considers all temporal graphs. The result confirms that
only considering the most recent network degrades the performance since the engagement
rates of influencers vary over time. We also find that as the number of temporal networks

increases, the model has gradually less performance gain.
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Figure 9.5: Performance losses after removing each of the components. The RNNs are the

most important component to discover effective influencers.

9.5.3 Analysis on Model Components

The proposed model consists of three major components, including the graph convolutional
networks, the recurrent neural networks, and the attention network. We conduct an ablation
study by excluding each component from the model framework to understand the importance
of model components on discovering influencers with high engagement rates. Figure[9.5/shows
the performance losses of NDCG@200 scores over the three model components. We find that
the model which excludes the RNN component has significant performance loss compared
to the full model. This suggests that disregarding to learn sequential temporal information
leads to performance degradation since engagement rates of an influencer change over time.
The model that discards the GCN component also shows large performance loss. This is
because the model fails to learn structural information with embedded node features. This
demonstrates that learning social relationships of influencers with other users, tags, and
image objects plays an important role in discovering effective influencers. We observe that
the attention component has relatively less impact on the performance than other model
components whilst it still enhances the model by considering the importance of temporal

graph embeddings.
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Figure 9.6: NDCG scores and training times of InfluencerRank trained with GRU and LSTM
on different number of temporal graphs. InfluencerRank with GRU tends to have better

ranking performance and shorter training time than the model with LSTM.

9.5.4 Analysis on Recurrent Neural Networks

In the proposed InfluencerRank framework, we employ gated recurrent units (GRUs) [36] for
the recurrent neural networks. However, the GRU can be replaced with a long short-term
memory (LSTM) [72]. To make a design decision which recurrent architecture to employ, we
train InfluencerRank with GRU and LSTM. Figure[9.6)shows NDCG@200 scores and training
times of InflurncerRank with two RNN architectures on different number of temporal graphs.
We observe that no significant difference in the NDCG scores of models using GRU and
LSTM, but the model with GRU tends to have slightly higher scores. The results also show
that InfluencerRank with GRU has shorter training times than LSTM across the different
number of temporal graphs. More specifically, the time difference gradually increases as the
number of temporal graphs for training increases. Note that GRU is 1% faster than LSTM
when the model only takes one temporal graph and 3.4% faster when the model uses 11
graphs for training. GRU shows better performance than LSTM in our task and that is
probably because GRU has simpler network than LSTM and also benefits from the short

input sequence length.
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Table 9.5: Rank evaluation on the different network structures. Note that U, V', H, and O
represent influencer, other mentioned user, hashtag, and image object nodes in the network,

respectively.

NDCGaK
1 10 50 100 200

Node Type || RBP

All nodes || 0.043 | 1.000 | 0.864 | 0.720 | 0.661 | 0.614

U,V,H | 0.039 | 1.000 | 0.848 | 0.704 | 0.648 | 0.589

U,H,O | 0.040 | 1.000 | 0.863 | 0.716 | 0.654 | 0.602

Uu,v,O0 0.037 | 1.000 | 0.861 | 0.708 | 0.657 | 0.597

9.5.5 Analysis on Heterogeneous Networks

We study the importance of the proposed heterogeneous network to find effective influencers.
To understand the importance of individual auxiliary node type, we train InfluencerRank
with the network without the type of auxiliary node. Table shows the RBP and the
NDGC scores of InfluencerRank with different types of networks. The results show that the
model trained with all types of nodes achieve higher RBP and NDCG scores than the other
models that exclude a type of auxiliary nodes. This confirms that the graphical structure in
InfluencerRank helps improve performance in finding effective influencers. We also observe
that NDCG scores of the model without the image object nodes are lower than that of the
model excluding hashtags and other user nodes. Note that excluding the image object nodes
drops the performance of NDCG@200 by 4.1%, whereas excluding hashtag and other user
nodes only drops the score by 2.8% and 1.9%. This is probably because each image object
node can densely connect a large number of similar influencers together as it has a greater

number of edges than a hashtag node and a user node.
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Figure 9.7: Performance losses of NDCG@200 over node feature categories. The image
features which represent visual perception and the reaction features which include sentiment
scores of user comments have more impact on the effective influencer discovery than other

types of features.

9.5.6 Analysis on Node Features

The benefit of using GCNs comes from considering network structure information with node
features. To understand the importance of node features, we first evaluate the performance
of the model that excludes all node categories. The model without the whole node features
significantly drops the ranking quality; the loss of NDGC@200 of the model without node
features is 21.99%.

We then investigate the performance of InfluencerRank with variant sets of node features
to study the importance of each category of the node features defined in Section [9.3.5] Fig-
ure shows the performance loss of NDCG scores of the models trained with the node
features excluding one particular node category against the full model as the leave-one-out
analysis. The results reveal that the reaction feature category, which contains the sentiment
scores of user comments on the posts, is more important than other categories to identify
effective influencers. This indicates that the audience may show distinct reactions to influ-

encers with high engagement rates. The image category, which includes the visual perception
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of images (e.g., brightness, colorfulness), also has higher loss values than other node feature
categories. This suggests that influencers with high engagement rates may have different vi-
sual characteristics from other influencers. We further examine that the Pearson correlation
scores between the effectiveness and the image features, including brightness, colorfulness,
and color temperature of the influencers’ images, are -0.16, -0.10, and 0.08, respectively. To
understand the correlation between the image features and the effectiveness, we examine the
brightness, colorfulness, and color temperature of the influencers’ images. The Pearson cor-
relation coefficient values are -0.16, -0.10, and 0.08 for the brightness, colorfulness, and color
temperature, respectively. This reveals that effective influencers tend to post less bright,
less colorful, and warmer images than other influencers. We also find that effective influ-
encers have lower standard deviation values for all image features than other influencers.
This suggests that the similarity of the visual characteristics of posted images can affect
the effectiveness of influencers. For example, constantly posting images that have similar
characteristics may help to become an effective influencer, whereas posting images that have
different attributes from previously posted images may fail to attract audiences’ attention.
On the other hand, the text category, including the number of hashtags, user tags, emojis in
a caption, and the sentiment scores of the caption, have the least impact to discover effective
influencers. Although the statistical features to represent textual characteristics of influ-
encers’ posts have less impact than other features, InfluencerRank can improve the ranking

performance by taking hashtags and user tags into account to the network structure.

9.5.7 Influencer Follower Size

In the influencer marketing industry, influencers are often divided into subgroups by the
number of followers since it directly refers to the size of potential customers and hiring
cost [44]. For example, companies with a sufficient marketing budget can hire influencers
who are followed by millions of people while small retailers may collaborate with influencers
with a small number of followers. Therefore, we evaluate the performance of InfluencerRank

over groups of influencers with different sizes of followers. Although there are no standard
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Figure 9.8: Performance evaluation on influencers with different sizes of followers. Influencer-

Rank shows consistently good performance regardless of the audience size of influencers.

criteria to classify influencers based on the number of followers, we utilize the following
thresholds which are the generally accepted numbers to divide the influencers into three
groupsﬂ Influencers who are followed by less than 20,000 followers are classified as the
Micro influencers. The Mid-level influencers have followers between 20,000 and 100,000,
and Macro influencers have more than 100,000 followers. In our dataset, around 30% of
influencers are the micro-influencers, 45% of them are the mid-level influencers, and the
remaining 25% influencers are the macro-influencers. To evaluate the performance under the
same conditions, we randomly select multiple sets of 1,000 influencers from each category

and run the experiment 10 times.

Figure shows the average NDCG scores of InfluencerRank and four baseline methods,
including GCRN [150], Deeplnf [134], CasCN [32], and EGCN [127] over the micro, mid-level,
and macro-influencers. The results show that the proposed model has robust performance to
discover effective influencers in the groups of all ranges of followers compared to the baseline
methods. More specifically, Deeplnf [134] fails to discover effective micro-influencers. This
is probably because Deeplnf disregards the temporal information which is critical to find

micro-influencers who have relatively large variance on their features and engagement rates

http://www.mattr.co/pros-cons-micro-macro-mid-level-influencers/

139


http://www.mattr.co/pros-cons-micro-macro-mid-level-influencers/

over time compared to macro-influencers who are matured. On the other hand, our proposed
model can accurately find highly effective micro-influencers since their unique features are

captured by sequential learning of temporal information.
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CHAPTER 10

Conclusion

In this dissertation, we propose new influencer evaluation metrics and develop multi-modal
graph learning frameworks to model and discover high-quality influencers on social media.
More specifically, we first collect influencer data from Instagram and construct two large-scale
influencer datasets. We then build three types of influencer social networks, including the
influencer network, the brand mentioning network, and the audience engagement network,
and conduct analytical studies to understand distinct features of high-quality influencers.
Finally, we develop deep learning frameworks that take multi-modal inputs and the influencer
social networks to learn unique representations of influencers. The contributions of this
dissertation in modeling and discovering influencers with multi-modal data inputs can be

further summarized as follows:

o We release two datasets to foster research in both computer science and marketing
fields. To help categorize influencers, we develop InfluencerProfiler that applies post-
level attention to automatically label influencers and their posts into one of eight
topics. The first dataset, the Instagram Influencer Dataset (Chapter 6), contains over
10 million posts published by 33,935 influencers who have been classified into their
topics. The second dataset, the Influencer and Brand Dataset, contains 1.6 million
influencer posts that mention one of 26,910 brands on Instagram. The dataset can be

specifically utilized to understand the advertising behaviors of influencers.

e We find unique behaviors of influencers by conducting in-depth analysis studies on the
influencer network (Chapter 3), the brand mentioning network (Chapter 4), and the

audience engagement network (Chapter 5). Our findings reveal that influencers with
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similar interests have strong reciprocal relations and share many common followers,
influencers put more effort to make sponsored advertising posts than non-sponsored
posts, and social bots have distinct engaging behaviors and social relations with influ-

encers.

We investigate hidden sponsorship in advertising posts and present a learning frame-
work that takes texts, images, and graphs to detect undisclosed paid partnerships
with brands. SPoD (Chapter 7) applies aspect attention over multi-modal inputs and
optimize with temporal regularization to generate unique representations of social me-
dia posts. The experimental results suggest that SPoD can effectively detect hidden
sponsorships on social media and both aspect attention and temporal regularization

improve the performance.

We present an audience evaluation framework, ALAIM (Chapter 8), to consider the
loyalty and authenticity of audiences in assessing influencers. ALAIM takes multi rela-
tions as input networks to capture the knowledge from interactions between relations.
The results demonstrate that our proposed method outperforms conventional meth-
ods by finding influencers followed by high loyal audiences, and influencers related to
engagement bots. ALAIM can be utilized in any social media platform to evaluate

various aspects of audiences.

We develop InfluencerRank (Chapter 9) that learns posting behaviors and social rela-
tions of influencers over time to predict engagement rates in the future. InfluencerRank
applies attentive recurrent graph neural networks to understand the dynamics of user
engagements depending on the posting characteristics. The extensive experiments
and analysis indicate that attention over graphs across time significantly enhances
the prediction performance and outperforms state-of-the-art approaches in discovering

effective influencers.
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