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Over the past years, visual social media have become increasingly important in 
our everyday life. In Western countries, virtually everybody has constant access to 
a camera and is ready to share every minute of every day instantly with a broad 
audience online (Pew Research Center, 2021). We post funny videos on YouTube, 
broadcast our dance moves via TikTok, and share our most beautiful pictures on 
Instagram. The increasing popularity of visual social media also infl uences how we 
share information about brands: it was never this easy to instantly share brand 
experiences as it is today. Social media users make selfi es with their new clothes 
while the brand name is visible, their cappuccino of a well-known coff ee company 
on a sunny day, or their take-away dinner of a fast-food chain with a group of 
friends (see Figure 1). With the rise of visual social media, visual content created 
by social media users, or visual brand-related user generated content [Br-UGC], 
has exploded. 

Figure 1. Examples of Visual Br-UGC

Visual Br-UGC has three vital characteristics that distinguish it from other types of 
brand-related content. First, the content is visual, most often it is a picture. This 
visual aspect might make visual Br-UGC even more infl uential than regular brand-
related content because visuals are more attention grabbing than textual stimuli 
(Chau et al., 2000; Hernández-Méndez & Muñoz-Leiva, 2015). As a result, more 
people may notice and process these pictures as compared to textual brand-related 
content. The ability of visual Br-UGC to grab people’s attention makes it potentially 
easy to spread information to a large audience via this new content type. 

A second vital characteristic of visual Br-UGC is that the picture contains at 
least one brand. The brand can be present in multiple ways. The most common 
way for a brand to appear in visual Br-UGC is in the form of a brand logo or brand 
name. The portrayal of a brand can be intentional, for example when a user 
holds a product with a brand logo, but also unintentional for example when a 
user is posing in front of a brand logo without even realizing it. Regardless of the 
intention, pictures that contain a brand increase its online exposure. As a result, 
both intentional and unintentional visual Br-UGC may have a strong infl uence on 
a brand’s online image, which may in turn aff ect brand outcomes. 
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The third and final vital characteristic of visual Br-UGC is that the content 
is created by regular social media users, instead of brand owners, marketers, or 
influencers. Social media users are inherently different from these professionals 
because they do not have any commercial interest in selling a product. 
Consequently, content created by social media users is considered as more 
trustworthy than marketer generated content ([MGC]; Chu & Kim, 2011). Following 
this increased trustworthiness, visual Br-UGC may also have an increased effect 
on brand outcomes (Chu & Kim, 2011). This effect may be even stronger when the 
content is distributed within a users’ own social network because that means the 
content is often seen by people who personally know the sender of the content. 
Information from people you personally know can have a stronger influence on 
an individual than information from unknown individuals, because people tend to 
guide their behavior by the behavior from close others (Brown & Reingen, 1987). 

Despite the prominence of visual Br-UGC, research on this new phenomenon 
is still scarce. The central aim of this dissertation is therefore to gain an in-depth 
understanding of the creation, content, and consequences of visual Br-UGC. 
By taking a holistic approach, this investigation provides insights into each of 
the three aspects individually, as well as how these aspects interact with each 
other. As a result, the current dissertation will reveal the motivations social media 
users have to create and post visual Br-UGC, how these motivations relate to the 
content characteristics of visual Br-UGC, and how these content characteristics 
affect consequences of visual Br-UGC on the receiver.  

Throughout the examination of visual Br-UGC social drivers will be central. 
Because of the social character of visual social media (Voorveld et al., 2018), we 
expect that social drivers play a crucial role in all aspects of visual Br-UGC. First, 
social drivers may underly the decision to create visual Br-UGC, for example when 
a social media user, from now on called the sender, decides to show their new 
clothes to friends via social media or share how they are enjoying the sun on a 
nice terrace with a broad online audience. Subsequently, social drivers may also 
influence the content of visual Br-UGC. The sender might be conscious of the online 
self-image that they try to maintain in their social network, and as a result chooses 
to post the visual Br-UGC that best fits that image. Finally, social drivers can also 
affect the consequences of visual Br-UGC on the receiver. For example, someone 
who personally knows the person in the picture might be more influenced by the 
picture than someone who does not know the person. Because of the potential 
influence of social drivers on all aspects of visual Br-UGC, social drivers will be 
considered throughout this dissertation.   

In the examination of consequences of visual Br-UGC this dissertation 
focuses on two brand outcomes: reactions to the post and reactions to the brand 
that are observed in the receiver of the content. Reactions to the post reflect what 
receivers think about visual Br-UGC that is posted on social media, most often 
expressed by likes or comments. We include the reactions to the post as outcome 
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measure because popular social media posts (i.e., with many likes and comments) 
are further distributed to the platforms and hence increase brand exposure more 
than unpopular content (Hassan Zadeh & Shardi, 2018). Reactions to the brand 
express the extent to which visual Br-UGC influences what receivers think about 
the brand and how they behave towards the brand, for example whether they 
would like to purchase the brand or not. 

Visual Br-UGC is an emerging content type, which does not only drive 
substantive questions, but also calls for a new method of analysis. There is a 
constant stream of new visual Br-UGC posted online and these pictures show 
great variability in terms of their content characteristics. The amount and 
versatility of visual Br-UGC makes its manual analysis difficult as it would be very 
time consuming. This dissertation will therefore examine the possibilities of using 
computational methods to study visual Br-UGC. Automatic content analysis can 
help to gain better insights into visual Br-UGC characteristics and in turn help to 
analyze the interaction between creation, content, and consequences in more 
depth. A promising tool for automated content analysis is computer vision, a 
computational method that can automatically code the content of a picture (LeCun 
et al., 2015). However, computer vision is relatively new and up until now the 
effectiveness of computer vision as a tool for automatic content analysis of visual 
Br-UGC is unknown. Therefore, this dissertation will examine the possibilities of 
computer vision to analyze this emerging content type. 

In the following sections, we will elaborate on the goal of this dissertation by 
introducing the research questions. First, we pose a set of substantive research 
questions considering the creation, content, and consequences of visual Br-UGC 
in relation to a variety of social drivers. Second, we introduce a methodological 
research question that focuses on the use of computer vision to analyze visual Br-
UGC. Finally, an outline of the rest of this dissertation is presented.

Social Drivers in the Creation, Content, and Consequences of 
Visual Br-UGC 
To gain an in-depth understanding of visual Br-UGC, social drivers are expected 
to be pivotal. Visual Br-UGC is distributed via social media, and as a result social 
drivers are expected to play an inevitable role in the creation, content, and 
consequences of visual Br-UGC. The importance of social drivers in visual Br-UGC 
can be explained through the uses and gratification theory (UGT; Katz et al., 1974). 
According to the UGT, people use media to gain specific gratifications. In doing so, 
they pick the medium that best fits their needs. For example, someone who wants 
to be informed about the world will likely turn to a newspaper, whereas someone 
who wants to be entertained will watch a television show. People often turn to 
visual social media to gratify their social needs (Pelletier et al., 2020). They want 
to meet new like-minded individuals or keep in touch with friends and family. Yet, 
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through visual Br-UGC, social media users increasingly spread and receive brand 
information on this social-oriented platform, whether they intended to or not. 
Hence, the strong social aspect of the platform may affect the creation, content, 
and consequences of visual Br-UGC.

Regarding the creation, social drivers may affect the motivation a sender 
has to create and post visual Br-UGC. Social media are an important outlet for 
self-presentation and provide the perfect channel to create and maintain an ideal 
online image (Sung et al., 2016). As a result, people carefully choose pictures that 
are in line with the image they want to maintain (Harris & Bardey, 2019). Yet, in 
recent years social media platforms have become an increasingly important outlet 
for brand experiences as well (Liu et al., 2018). The increase of visual Br-UGC on 
social media raises the question whether social media users create visual Br-UGC 
to satisfy their social needs, or also gratify brand-oriented motivations through 
this outlet. If social drivers are central in the motivation to create visual Br-UGC this 
may influence the content, and subsequently the consequences, of visual Br-UGC. 
For example, someone who wants to share an experience they had with a brand, 
might make a different type of visual Br-UGC than someone who wants to create 
a good image of themselves. The image social media users want to maintain can 
determine which brands they want to display via visual Br-UGC and the ways in 
which they portray the brand. Despite the possible impact of sender’s motivations 
on all three aspects of visual Br-UGC, research on senders’ motivations to create 
this emerging content type is scarce. The current dissertation combines theories 
on self-presentation in visual social media (e.g., Sung et al., 2016) and theories on 
motivations to create textual brand-related content (e.g., Muntinga et al., 2011), to 
find out to what extent the creation of visual Br-UGC is socially motivated and how 
these motivations affect the content of visual Br-UGC. Therefore, the first research 
question reads:

RQ1. What is the role of social drivers in creating visual Br-UGC?

Second, social drivers can also play a role in the content of visual Br-UGC. An 
important characteristic of visual Br-UGC is that the sender has the possibility to be 
visually present in the picture. This is an important characteristic, because people 
have an innate reflex of focusing their attention on other people (Young & Bruce, 
2011). As a result, pictures with the sender present may have a bigger chance of 
standing out in the endless stream of social media content. There are many ways 
in which a sender can be present in a picture. For example, when the user holds a 
branded product while photographing it, when a user is wearing branded clothes 
on a mirror selfie, or when the user poses together with a branded product. In this 
dissertation, sender presence is defined as the presence of a face in the picture 
because especially facial presence attracts attention (Young & Bruce, 2011). 
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The presence of a sender can not only attract attention, resulting in more 

exposure, but it may also affect the brand outcomes of visual Br-UGC because 
it makes it easier to judge the trustworthiness of the content (Xu, 2014). The 
presence of a sender gives you more cues to infer the intentions that someone 
has with providing this brand information. Inferring that the intentions are good 
can enhance the trustworthiness of the sender, which may result in a stronger 
influence on brand outcomes (Xu, 2014). 

Although visual sender presence can help to infer trustworthiness of the sender 
of visual Br-UGC, the mere presence of a sender may not be enough to affect brand 
outcomes in the receiver. Only a picture of a brand does not give away information 
about what the sender thinks about a brand. A sender can portray a brand in visual 
Br-UGC without having a particularly positive or negative opinion about the brand. 
Or even if the sender has a strong opinion about that brand, the receiver may not be 
able to derive that opinion from a picture if no additional cues are available. 

An effective cue to gain information about the opinion someone has on a 
brand is by judging the facial expression of the person in the picture (Siswadi et al., 
2015; Vuilleumier, 2005). This facial expression may reveal the perceived emotional 
state of the person in the picture (Ekman, 1992). In the context of advertising, 
especially a positive perceived emotional state is important (e.g., Berg et al., 2015). 
A positive perceived emotional state can affect brand outcomes in the receiver of 
the content in two ways (Shariff & Tracy, 2011). First, seeing someone happy can 
influence brand outcomes directly because the receiver attributes the perceived 
positive emotional state of the sender to the product (Howard & Gengler, 2001). In 
this case receivers assume the sender must be happy because they are happy with 
the product, which makes the receiver think more positively about the product as 
well. Second, seeing someone happy can influence brand outcomes indirectly, as a 
positive facial expression can make the receiver feel happy themselves (Hatfield et 
al., 1993). This positive emotional state in the receiver can affect brand outcomes 
via the feeling-as-information hypothesis (Clore, 1992). In this case the receiver 
transfers their happy feelings to the branded product that is displayed, which also 
makes them think more positive about the product.    

The beneficial effects of sender presence on reactions to the brand are 
repeatedly established in research on traditional advertising, such as print ads 
or product packaging (e.g., Berg et al., 2015) but are up until now not replicated 
in research focused on visual Br-UGC (Hartmann et al., 2021). We argue that the 
explanation for this discrepancy can be found in the absence of a happy facial 
expression. Whereas traditional advertising always shows people with a happy 
facial expression, the facial expression of senders in visual Br-UGC is expected 
to be more diverse as brand experiences differ from one person to the next. Yet, 
no previous research established the role of facial expression in brand outcomes 
of visual Br-UGC. Therefore, current dissertation combines evolutionary theories 
(e.g., Young & Bruce, 2011) with information processing theories (e.g., Petty & 
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Cacioppo, 1986) to further establish the effect of visual sender presence in visual 
Br-UGC on brand outcomes. The second research question reads: 

RQ2. How does visual sender presence affect brand outcomes of visual Br-UGC? 

Third, this dissertation argues that social drivers can affect the consequences of 
visual Br-UGC that are observed in the receiver. Because of the social character 
of visual social media, receivers often see content that is created by people they 
personally know (Reich et al., 2012), for example friends or family members. We 
call this bond between the sender and receiver of visual Br-UGC a tie (Granovetter, 
1973). The closer the bond, the stronger the tie and the influence the visual Br-
UGC exerts on the receiver. When confronted with visual Br-UGC of someone 
with whom you have a strong tie, you are more likely to trust the content of this 
message as compared to a message of someone you do not personally know. 
People are in general more influenced by people with whom they experience this 
social connection than by strangers (Brown & Reingen, 1987; Yang & Che, 2020), 
and this increased influence may exist in the context of visual Br-UGC as well. 
That would mean that social drivers can increase the effect of visual Br-UGC on 
brand outcomes in the receiver. However, there may also be a downside of social 
drivers for brand outcomes. Because of the social character of visual social media, 
it may be that receivers of visual Br-UGC are so focused on the strong ties that are 
present in the picture, that they do not have any attention for the brand (Erfgen 
et al., 2015). If this is the case, strong social drivers can also be detrimental for the 
brand outcomes of visual Br-UGC. 

In sum, previous research has exposed a tension field. The effect of social 
drivers on brand outcomes in the receiver is unclear because earlier studies point 
to contradictory directions. To gain insight into the role of social drivers in visual 
Br-UGC, the third research question reads:

RQ3. How do social drivers explain the effects of visual Br-UGC on brand outcomes?

Computer Vision to Analyze Visual Br-UGC
Visual Br-UGC characterizes itself by a great variability in content: Visual Br-UGC is 
created by social media users all over the world, portraying an extensive number 
of brands. This results in extremely diverse content. Because of this diversity it is 
hard to capture the essence of visual Br-UGC with manual coding. In traditional 
communication research, content analysis is done by a human coder. Researchers 
select a subset of the content they want to examine (i.e., in this case a set of visual 
Br-UGC) and code the content on a fixed number of characteristics. This limits the 
amount of visual Br-UGC and characteristics that can be examined, because of time- 
and resource constraints. To counter these constraints, we examine a new method 
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to study visual Br-UGC. Specifically, we will investigate the possibilities of automatic 
coding using computer vision. With computer vision, the computer is trained to 
“see”, or more appropriately to automatically assign labels to a picture (LeCun 
et al., 2015). Through this way, the computer can detect objects that are present 
within a picture, for example a car or a person. The automatic assignment of labels 
allows researchers to analyze many pictures in a short period of time. The speed 
with which pictures can be analyzed, makes computer vision a promising method 
to study visual Br-UGC as it allows for a thorough analysis of the diverse content.  

There are broadly two ways to apply computer vision models in (scientific) 
research. The first way is to train a computer vision model from scratch. This involves 
writing a code that gives the computer directions on how to analyze pictures and 
learning the computer how to recognize specific characteristics by training the 
computer on a large database of images. During this training period, researchers 
give the computer examples of a specific content characteristic, for instance many 
pictures of a person, so the computer can learn what this characteristic (i.e., a 
person) looks like (LeCun et al., 2015). This method gives researchers full control over 
the training procedure, but it is also very time consuming. Moreover, most scholars 
studying visual Br-UGC are trained as marketing- or communication scientists and 
therefore do not possess the necessarily skills to train a computer vision model. 

The second way to apply computer vision in research is by using a computer 
vision model that already has been trained by other scholars or by a commercial 
organization. We call this second type of computer vision models pre-trained 
computer vision models (Redmon & Farhadi, 2017). The benefit of these models is 
that they are ready to use for (communication) scientists with limited programming 
experience. The downside is that these models have no flexibility as they can 
only analyze those objects that they were trained on. Because other researchers 
were in control over the training process, they also had full control over deciding 
what content characteristics a computer can analyze. A second downside is that 
the computer vision models are trained on standard stock images. Stock images 
are different from visual Br-UGC, because they are often made by professional 
photographers and therefore are generally of higher quality than visual Br-UGC. 
This raises the question whether pre-trained models can be used to analyze visual 
Br-UGC. The quality and diversity of visual Br-UGC makes it more complicated to 
analyze visual Br-UGC as compared to stock images. It might be that the computer 
is not prepared to deal with this new type of image and therefore makes mistakes 
in the detection of objects. Moreover, we do not know if the content characteristics 
that pre-trained models can recognize in a picture are sufficient to gain relevant 
insights for research and practice. To investigate whether we can use pre-trained 
computer vision models for this purpose, the final research question reads:

RQ4. To what extent can we use pre-trained computer vision models to analyze visual 
Br-UGC?
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Dissertation Outline
To answer the research questions, six extensive studies have been conducted, 
which will be presented in four chapters. The studies will help to gain an in-depth 
understanding of visual Br-UGC by providing insight into the creation, content, 
and consequences of visual Br-UGC. 

Each chapter was published in or submitted to a scientific journal and hence 
each chapter is tailored to the requirements of a specific outlet. No alterations 
were made to the chapters as compared to the respective articles, except for 
updating the references to online sources or sources that were unpublished at 
the moment of writing but have been published in the meantime, and formatting 
to APA style (7th edition). As a result, there may be differences in wording, 
subheadings, and length of the individual chapters. For example, the social media 
users we refer to throughout this introduction are called consumers in some of 
the individual chapters. Moreover, some overlap in the explanation of theoretical 
underpinnings of different chapters is inevitable. In the following section, the 
chapters are briefly introduced and related to the research questions (see Table 
1). For a visual overview of the research questions in relation to the creation, 
content, and consequences of visual Br-UGC, see Figure 2. 

Table 1. Overview of Research Questions Addressed per Chapter

Chapter 2 Chapter 3 Chapter 4 Chapter 5
RQ1 What is the role of social drivers in 

creating visual Br-UGC?
X

RQ2 How does visual sender presence 
affect brand outcomes of visual 
Br-UGC?

X X

RQ3 How do social drivers explain the 
effects of visual Br-UGC on brand 
outcomes?

X X

RQ4 To what extent can we use pre-
trained computer vision models to 
analyze visual Br-UGC?

X X
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Figure 2. Visual Overview of the Research Questions 

Chapter 2 examines the motivations that senders of the content have to create 
and post visual Br-UGC. The study describes a qualitative interview procedure 
via photo-elicitation, with 30 participants. The interviews will give insight into 
why social media users engage in the creation of visual Br-UGC. Because of the 
social character of visual oriented social media platforms, we are particularly 
interested to see to what extent social drivers are represented in the motivations 
to create visual Br-UGC. As a result, this chapter provides an answer to RQ1, 
which examines the role of social drivers in creating and posting visual Br-UGC. 
Moreover, in examining the motivation to create visual Br-UGC we distinguish 
between different content types. We compare motivations to create pictures with- 
and without the sender present, because the motivations might be different for 
both content types. Therefore, this chapter also provides insight into RQ2, which 
focuses on the role of sender presence in visual Br-UGC. 

In Chapter 3, the content of visual Br-UGC will be central. Chapter 3 deepens 
the understanding of sender presence effects by analyzing 17,452 Instagram 
pictures with computer vision and by combining this automated content analysis 
with an experiment to gain insights into the underlying social processes of these 
effects. Chapter 3 introduces two factors that may guide the effects of sender 
presence: 1) Facial expression of the person in the picture and 2) The product 
involvement of the receiver of the content. Because it examines the effects of 
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facial expression and product involvement on brand outcomes this chapter also 
relates to the consequences of visual Br-UGC. Moreover, the chapter describes a 
thought listing procedure that will give insight into the underlying social processes 
that play a role in the explanation of the effects of visual Br-UGC. As a result, this 
chapter is used to answer RQ2, the role of sender presence in visual Br-UGC and 
RQ3, which examines how social drivers can explain the effects of visual Br-UGC. 
Finally, because we combine computer vision with an experiment this chapter 
also gives insights that are relevant for RQ4, which examines the use of computer 
vision to examine visual Br-UGC (see Table 1).

Chapter 4 focuses on the bond between the sender and receiver of visual 
Br-UGC. More specifically, this study examines how a strong tie between sender 
and receiver can affect the consequences of visual Br-UGC. We expect that a 
strong tie will be more influential with regard to brand outcomes, because strong 
ties tend to trust each other more. Furthermore, this chapter again distinguishes 
between visual Br-UGC with- and without a sender present and is therefore 
the second chapter which examines the content of visual Br-UGC. We consider 
the presence of the sender especially important in this context, because seeing 
someone with whom you have a close connection might change the effects of tie 
strength on brand outcomes. The results of this study provide an answer to RQ2, 
which examines the role of sender presence in visual Br-UGC and to RQ3, which 
examines how social drivers can explain the effects of visual Br-UGC on brand 
outcomes (see Table 1).

The studies in Chapter 5 examine the usability of computer vision to analyze 
visual Br-UGC. In this chapter the content of visual Br-UGC will be central. As 
opposed to the previous chapters, Chapter 5 does not focus on a specific content 
characteristic. Instead, this chapter takes a broader approach by analyzing how we 
can examine the content of visual Br-UGC in an automatic way. This is important, 
because visual Br-UGC is extremely versatile and as a result analyzing the different 
characteristics of visual Br-UGC by hand would be impossible. Computer vision 
can open up new possibilities to further analyze visual Br-UGC. To examine 
the usability of computer vision, this chapter investigates various pre-trained 
computer vision models that are available and compares the applicability to visual 
Br-UGC of three different models. The results provide an answer to RQ4, which 
examines to what extent computer vision can be used to analyze visual Br-UGC.

Finally, in Chapter 6 we reflect on the most important findings of this 
dissertation. In a general discussion we will provide answers to the four research 
questions that are posed in this introduction to deepen our understanding of 
visual Br-UGC. Moreover, we will elaborate on the implications of this dissertation 
and propose future research directions.  







CHAPTER 2
Senders’ Motivations to Create and Post 

Visual Br-UGC

This chapter was submitted as:
Nanne, A.J., Antheunis, M.L., & Van Noort, G. (2022). Using a photo-

elicitation procedure to examine consumers’ motivations to create and post 
visual brand-related user generated content. Submitted for publication.
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Abstract
The recent popularity of visual social media increased the amount of visual brand-
related user generated content (Br-UGC). This brand-related content created 
by consumers can have a significant influence on brand outcomes. Yet, little is 
known about why consumers create visual Br-UGC. Current research examines 
consumers’ motivations to create and post visual Br-UGC by departing from 
research on textual Br-UGC and research on visual content creation on Instagram. 
Moreover, we compare motivations to post branded selfies to motivations to 
post other visual Br-UGC. Thirty (Mage = 21.77, SDage = 2.71, 83.3% women) photo-
elicitation interviews revealed that consumers use brands as subtle cue to express 
their (ideal) online identity. Notably, this effect is present for both branded selfies 
as well as pictures without a person present. Other important motivations 
include social interaction, aesthetics (i.e., whether the picture is beautiful), and 
empowerment. Theoretical and practical implications are discussed. 

Keywords: Uses and Gratifications; Visual Br-UGC; Instagram; Photo-elicitation
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Introduction
With over 1 billion users worldwide, Instagram is one of the most popular social 
network sites of this time (Instagram, 2022). Users upload a total of 100 million 
new pictures and videos to the platform every day (Omnicore Agency, 2021). Via 
these pictures, users share their daily lives and experiences. As a result, Instagram 
is developing into an important player in the marketing field (Gensler et al., 2013). 
To illustrate: Sixty percent of the Instagram users say that they discover new 
products on Instagram (Instagram, 2022). There are various ways to encounter 
brands on Instagram, for example by advertisements that are displayed in the app 
(Instagram, 2022), or by following so-called influencers, who are paid to advertise 
products in their posts (De Veirman et al., 2017). However, a third and under-
examined form of brand representation on Instagram, is content that is created 
and posted by consumers: visual brand-related user generated content (Br-UGC). 

With visual Br-UGC, users of a product share their experience with or 
opinions on a brand online via pictures (Kim & Johnson, 2016). This information 
provided by fellow consumers can influence consumer responses such as brand 
attitude and purchase intention even more than marketer generated content 
[MGC], as Br-UGC is in general considered more trustworthy than MGC (Goh et 
al., 2013; Mayrhover et al., 2020). A common type of visual Br-UGC is a branded 
selfie, where consumers depict themselves together with the brand (Hartmann et 
al., 2021). This type of content is of special interest since this allows consumer to 
judge the facial expression of the sender. Seeing someone happy with a product 
can in turn influence one’s own perceptions of the brand (Nanne et al., 2021). 
Because of the beneficial effects that characterize Br-UGC, marketers are eager to 
activate consumers to create branded selfies. Yet, little is known about consumers’ 
underlying motivations to create and post this content type.   

To examine consumers’ motivations to create and post visual Br-UGC, two 
lines of research can be identified. On the one hand, there is a line of research on 
consumer’ motivations to create and post Br-UGC on non-visual platforms (e.g., 
Buzeta et al., 2020; Muntinga et al., 2011). For example, consumers’ motivations 
to write a review of a product on online review sites (Hennig-Thureau et al., 2004). 
On the other hand, there is a line of research on motivations to create and post 
regular visual content, for example motivations to create and post selfies (e.g., 
Daxböck et al., 2021; Sung et al., 2016). Both lines of research depart from the 
uses and gratifications theory (UGT; Katz et al., 1974), yet the gratifications that 
are sought in non-visual Br-UGC and visual social media platforms are different.  

In the context of Br-UGC, an often-identified gratification is providing 
information about a product (e.g., Muntinga et al., 2011). Subsequently, the users 
chose an activity that fits this gratification the best, for example by writing a review 
on a review site or by sharing their experience with a product on social media. For 
the creation of non-branded visual content, gratifications sought often include 
social interaction or self-expression (Lee et al., 2015). As the creation of Br-UGC 
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(research line 1) and the posting of visual content to Instagram (research line 2) 
seem to be driven by different kinds of gratifications, the question arises if and how 
these gratifications can be aligned in the creation and distribution of visual Br-UGC. 

The current research departs from both research streams examining 
motivations to create and post non-visual Br-UGC and motivations to create and 
post regular visual content to examine the underlying motivations that drive the 
creation and posting of visual Br-UGC and how these differ from motivations 
to create and post regular visual content. Moreover, this research examines 
consumers’ motivations to create branded selfies, because this specific content 
type can yield even more persuasive effects (Nanne et al., 2021). To uncover user 
motivations, we conduct qualitative semi-structured interviews with the creators 
of such content, by means of photo-elicitation procedure. Results will give insight 
into the application of the uses and gratifications approach in the creation and 
distribution of branded selfies and provide marketers with knowledge that can 
help to activate consumers to create and distribute visual Br-UGC more efficiently. 

Theoretical Framework

Consumers’ Motivations to Create and Post Visual Br-UGC
Examining user motivations in the context of media, the UGT (Katz et al., 1974) is the 
most appropriate theoretical approach to depart from. According to this approach, 
consumers have specific needs that they want to fulfill by using media, and they 
choose the medium that is most suitable to gratify their needs (Katz et al., 1974). 
For example, someone who wants to find information about a recent event turns 
to the news, whereas someone who just wants to relax after a long day turns to an 
entertaining television show. To find out why consumers engage in the creation and 
distribution of visual Br-UGC we therefore need to identify which uses they aim to 
gratify with that specific media behavior. In doing so, we examine the act of creating 
the content (i.e., taking a picture) as well as posting the picture to a social media 
platform separately, as both might be driven by different uses and gratifications. 

Traditionally, people create pictures to archive special moments in live (Van 
Dijck, 2008). However, with the popularity of visual social media platforms, another 
type of motivation started to arise (Nardini et al., 2019). People no longer create 
pictures to look back on later, but also to share experiences with other people 
(Van Dijck, 2008). Moreover, because it is so easy to take pictures, people seem 
to take picture not only from special moments, but also from everyday situations, 
in order share these moments with other people or to form an image of the self 
(Nardini et al., 2019). With this second type of motivation to create pictures, the 
question arises which type of motivations prevails for pictures that are posted 
to Instagram. This because pictures that are created with the intention to post 
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to Instagram might be different from pictures that are created spontaneously. 
As people who create a picture to post to Instagram may think more consciously 
about the composition of that picture.

We can distinguish several uses that consumers aim to gratify by posting 
Br-UGC (Muntinga et al., 2011; Buzeta et al., 2020). An important motive is 
empowerment: ‘people using social media to exert their influence or power on other 
people or companies’ (Muntinga et al., 2011, p. 21). Consumers consider it their 
duty to inform other consumers (Stöckl et al., 2007) and even see it as a form of 
altruism: they post information about brands to provide a service to other people 
(Yen & Tang, 2015). A second motivation that people can have to create visual Br-
UGC is remuneration (Muntinga et al., 2011). According to this motivation, people 
create content to gain incentives (e.g., winning a prize). 

Next to empowerment and remuneration, consumers can also create brand-
related content for more personal reasons (Muntinga et al., 2011). For example, 
consumers may want to associate themselves with a brand to shape their online image 
and express who they are, which is called personal identity (Muntinga et al., 2011). 
Consumers that have this motivation use the brand to show their personality and to 
present themselves in a favorable way. Moreover, consumers can use brand-related 
content to interact with other consumers or be part of a social group, this is called 
the integration and social interaction motivation (Muntinga et al., 2011; Daugherty et 
al., 2008). For this group, creating online content is a way to communicate with other 
people and to meet like-minded individuals, who for example have the same (brand) 
preferences (Muntinga et al., 2011). Finally, there are also consumers who create 
brand-related content because they think it is fun to do, and they consider it a way to 
pass time, which is called entertainment (Stöckl et al., 2007). 

Next to research that identified motivations to create and post non-visual 
Br-UGC, there is also research that examines the motivations to create visual 
content. The gratifications sought when creating and posting visual social media 
content are different from visual Br-UGC. The use of visual social media platforms 
such as Instagram may be driven by more self-centered motivations than other 
platforms (Daxböck et al., 2021). A common motivation for people to post pictures 
on Instagram is self-expression (Lee et al., 2015). They use visual social media as a 
platform to show the world who they are. A second important reason for users to 
share their lives online is to use it as a keepsake for themselves (Sung et al., 2016). 
They use the platforms like an online photo album, to look back at themselves 
rather than for others to see (Sung et al., 2016). Finally, like motivations for brand-
related content, people use visual platforms because it is fun and to keep in touch 
with others (Alhabash & Ma, 2017). 

When comparing the previously identified motivations for the creation of 
brand-related content in non-visual platforms and the motivations for the creation 
of non-brand-related content in visual platforms we conclude that, although there 
is some overlap, motivations to create content on visual platforms tend to be more 



27

self-centered. Users post mainly for self-presentation purposes (Lee et al., 2015). 
This raises the question whether brand-related visual pictures are also posted for 
self-centered reasons or whether brand-related reasons such as empowerment 
also play a role in this process. The first and second research questions read:

RQ1. Which motivations do consumers have to (a) create and (b) post visual Br-UGC?

RQ2. Do motivations people have to (a) create and (b) post visual Br-UGC differ from 
motivations that people have to create and post general visual UGC?

Consumers’ Motivations to Create and Post Branded Selfies
Gaining insight into the motivations consumers have when creating visual Br-
UGC, is especially relevant for a specific kind of visual Br-UGC: the branded selfie. 
Selfies serve as an important way of online self-presentation (Bij de Vaate et al., 
2018). People use selfies to express who they are, find their place in the online 
community, and to remember experiences they have had (Etgar & Amichichai-
Hamburger, 2017). Moreover, because an individual has full control over which 
pictures appear online and how these pictures look (e.g., by using filters) selfies 
are an effective way to shape an online identity and present the most favorable 
image of yourself (Fox & Vendemia, 2016). We argue that motivations to create 
selfies might be even more self-centered than motivations to create other types 
of pictures, because of the focus on self-presentation. When taking a selfie, 
consumers may be more focused on how they come across personally, without 
thinking about brands that may or may not be visible in the picture. 

Even though brands might not be the point of interest in branded selfies, this 
type of pictures can have an important influence on what other consumers think 
about a brand. The influence of branded selfies may be bigger than the influence 
of other visual Br-UGC types, because consumers automatically draw attention to 
pictures with a face in it (Young & Bruce, 2011), and as a result these pictures receive 
more attention than pictures without a person in it. Moreover, the facial expression 
of the person in the picture can be interpreted as information about the brand via 
the spillover effect (Howard & Gengler, 2001). People can read and interpret other 
people’s facial expression instantly when seeing another person (Ekman, 1992). This 
facial expression can give important information about the environment the person 
is in, for example a scared expression can indicate danger. Similarly, a happy facial 
expression can also be attributed to things in the environment. When the brand is 
part of that environment, the happy expression can thus be attributed to the brand. 
Hence, consumers seeing someone smile in a branded selfie will think the happy 
expression is because the consumer is happy with the brand and may adjust their 
own brand attitude accordingly (Howard & Gengler, 2001). 
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As these branded selfies can have bigger consequences for the brand than 
other visual Br-UGC types, it is important to know if consumers consider the brand 
when making this specific type of visual Br-UGC. Therefore, the third and fourth 
research question read:

RQ3. Which motivations do people have to (a) create and (b) post brand-related selfies?

RQ4. Do motivations people have to (a) create and (b) post brand-related selfies differ 
from motivations to post other types of visual Br-UGC?

Method

Design
To examine consumers’ motivations to create and post visual Br-UGC we conducted 
semi-structured interviews amongst frequent posters of visual Br-UGC by means 
of a photo-elicitation procedure (Harper, 1986). With this procedure, interviewer 
and interviewee talk jointly about the pictures that the interviewee created 
(Harper, 1986). In this way, participants sometimes remember information that 
they would not have thought about otherwise. In the current research, participant 
might remember their motivation better when they are currently looking at the 
picture (Bates et al., 2017). The interviews were conducted by three researchers, 
who each did one third of the interviews. A training session with all interviewers 
ensured that each interviewer used the same strategy. No differences between 
interviewers were observed during analysis of the data. The research ethics and 
data management committee of Tilburg University School of Humanities and 
Digital Sciences approved this research. 

Pilot Study
Before the interviews, we conducted a pilot study (N = 13, Mage = 20.15, SDage = 2.38, 
76.9% women) to finetune the topic list and interviewing procedure. Interviewees 
were gathered through the university’s participant pool. The pilot was conducted 
via the chat function in zoom (Zoom, 2022). This method allowed the participants 
to speak more anonymously and was in line with previous research (Muntinga 
et al., 2011). However, we noticed that participants were inclined to provide 
short answers to our questions, because typing takes more effort than talking 
(Antheunis et al., 2012). Moreover, privacy did not seem to be an issue amongst 
participants as some of them turned on their camera voluntarily. We therefore 
decided to conduct the actual interviews in a face-to-face setting. 
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Participants
Participants were gathered through the participant pool of the university. Students 
with an Instagram account, who posted a brand-related picture at least once in the 
past year, were eligible to participate, as long as they did not partake in our pilot 
study. In total, 30 participants (Mage = 21.77, SDage = 2.71, 83.3% women) took part 
in the research. Most of them (87%) indicated that they spend at least 1 hour per 
day on Instagram, the remaining 13% indicated to spend less than an hour per 
day. Moreover, 77% of the participants posted a picture once a month or more, 
compared to 23% indicating to post a picture less than once a month. With these 
participants, we discussed 102 pictures, of which 58 branded selfies, 27 non-
branded selfies, and 17 pictures of visual Br-UGC without a person. Participants 
received a course credit for their participation.    

Procedure
The interviews took place in a face-to-face setting in a room at the university campus 
and lasted approximately one hour. Before the interview, participants filled out a 
survey in which they gave informed consent and answered general questions about 
demographics and Instagram usage. All interviews were structured by means of a 
topic list (See Appendix A). The first part of the interview covered Instagram use in 
general and brand-related Instagram use (e.g., Do you follow brand pages?). After 
this first part, the photo-elicitation procedure started. During this procedure, the 
interviewer and interviewee discuss some pictures the interviewee posted to the 
platform. The pictures were chosen by the interviewer. The pictures discussed had 
to be less than a year old to make sure people still remembered taking it. Both 
brand-related and non-brand related pictures were selected, to gain insight into 
possible differences between the motivation for both types of pictures. The number 
of pictures discussed depended on how many posted pictures were suitable (Some 
participants did not have a post for one of the categories) and the time that was left 
in the interview. With all interviewees we discussed 3 or 4 pictures in total. 

Analysis 
To analyze the data, we use a thematic coding procedure. Before the analysis, 
we created a codebook that covered motivations to post Br-UGC on non-visual 
platforms and motivations to post non-branded content on visual platforms that 
came up in earlier research (Buzeta et al., 2020; Muntinga et al., 2011; Sung et al., 
2016). First, we identified the motivational statements of participants for posting 
or creating content. Second, we labeled the motivational statements following the 
codebook (See Appendix B). If none of the identified motivations was applicable, 
we labeled the motivational statement as ‘other’. After the initial coding we 
reiterated over the ‘other’ category to identify possible new motivations that were 
not present in the initial coding scheme.
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Results

Motivations to Create and Post Visual Br-UGC 
RQ1 examines the underlying motivations of consumers to create and post visual 
Br-UGC. To answer this question, we analyze the motivations people mentioned 
during the interviews when discussing visual Br-UGC. In total, there were 75 
pictures that belonged to the visual Br-UGC category. This includes both pictures 
where participants included the brand on purpose and pictures where participants 
included the brand unintentionally. 

Motivations to Create Visual Br-UGC
Regarding the creation of visual Br-UGC two main strategies can be distinguished: 
people create a picture spontaneously and decide to post it on Instagram only 
afterwards (i.e., without prior intention to post the picture) or people create a 
picture with the intention to post it to Instagram. In our dataset both strategies 
occurred equally. For some participants, these two strategies, creating the picture 
because it happened in the moment or with the intention to post to Instagram, 
was the only motivation. Other people had an underlying motivation to create the 
picture. For both strategies, archiving seems to be the most important underlying 
motivation to create content. As participant 13 (male, 19) explains ‘We were on a 
holiday together and we just wanted to, well, have a nice picture as a memory. A 
memory of our holiday.’ Next to archiving, also the appearance of the picture plays 
a role: ‘I thought the composition looked really cool. With the background and the 
sweater. Yeah, just really cool’ (participant 28; female, 24). This motivation was 
not identified in previous research; we will call this motivation aesthetics.  Finally, 
some participants mentioned that they were asked by a company to create a 
brand-related picture, but we do not consider this a motivation because taking 
the picture was part of a business agreement. 

Motivations to Post Visual Br-UGC
The main motivations that are identified to post visual Br-UGC are personal 
identity, social interaction and integration, remuneration, and empowerment. 
Moreover, also for posting the new motivation aesthetics emerged (see Table 1). 
We will discuss the different motivations below, in order of importance.

The most common motivation that is mentioned by consumers is personal 
identity. Consumers use Instagram to present a favorable image of themselves 
and brand-related pictures seem to be considered a good way to do so. There 
were two important sub-motivations, in line with previous research (Muntinga et 
al., 2011). First, self-expression: In this motivation people use a brand to express 
their identity and show the world who they are. 
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Like participant 18 (male, 20) who uses a brand to express his love for music: 

‘This is the first keyboard I bought […]. For me, it is an important part of 
making music and the brand itself is also very well-known in the music 
industry. So yeah, that is how I would describe the brand. It is a high-quality 
brand, but for me personally, it was just something very personal.’  

The second sub-motivation that came up is self-presentation. As opposed to self-
expression, this motivation is more focused on showing off and impressing other 
people. Like participant 5 (female, 21): ‘Yes, maybe more to show everybody “Well 
guys, look what a beautiful outfit I put on today”’. In doing so, the brand is often 
used as a subtle cue to give off information about the participant. As participant 
18 (male, 20) explains: ‘It is very subtle, and I did not tag the brand or anything. 
But I just had this watch. I just bought it and I wanted to post it online.’ Similarly 
participant 22 (female, 21) tells us: ‘I have to admit that I put the bag their because 
it is from Michael Kors.’ When asked why she did not show the logo of the bag, she 
replied: ‘Because I think that would be too much, now it still seems like the bag was 
their accidently.’ Moreover, participants specifically indicate to use the pictures as 
a form of self-enhancement (Taylor et al., 2012; Zheng et al., 2020), to show the 
best version of themselves. Like participant 13 (male, 19): ‘I posted this because I 
thought that I look really good in these two pictures.’    

A second important motivation is social interaction and integration. The most 
common sub-motivation within this motivation is one that was not identified in 
previous research. We therefore add sharing experiences as a new sub-motivation. 
In this motivation people want to share important moments in live with other 
people. They want to show people that they are doing good and having fun. For 
example, participant 21 (female, 30) tells us:

‘It was an amazing week, such a delightful experience, I think it is the 
happiness I found there, I wanted to share that. It is an experience that I 
certainly do not have every day, spending the entire week on a surfboard.’  

This sub-motivation ties in with the sub-motivation self-presentation that was 
mentioned under personal identity. However, as compared to the self-presentation 
motivation, this sub-motivation is not so much about impressing others, but more 
focused on sharing this moment with other people. 

The second sub-motivation also not identified in previous research, is social 
affection. People with this sub-motivation want to show how proud they are of 
their close others: ‘To show people that we are in a relationship for two years 
now, and also to show him, that I care about him or something, that I post him to 
Instagram. Yes, he really liked that […]’ (Participant 20; female, 25).  Related to that, 
people use Instagram to show other people that there is no need to worry about 
them. As participant 1 (female, 22) puts it:
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 ‘I just moved out of my parent’s house. You meet new people, you want to 
show, I don’t know maybe, I started a new live here or something. Especially 
towards all the people from high school, the people you leave behind. I think, 
yes, I think that was the reason behind it at the time, yes.’ 

Another sub-motivation that we established in the category of social interaction 
and integration is social grooming (Ellison et al., 2014). People with this motivation 
post to Instagram to show that they are still present, to make sure people will not 
forget about them (Ellison et al., 2014). Participant 4 (male, 20) explains: 

‘I thought I have to put myself out there again, I have to show that I am still 
totally here actually, because everything I do, I post some stories now and 
then but they are less noticeable than a post. So it was about time for the 
active followers to show them that I am still here.’ 

Finally, also previously identified sub-motivation social pressure, social identity, 
and social interaction were found. Helping was not identified in this research. 

The third motivation that occurred is a new motivation called aesthetics. 
Motivations that fall under this category are mainly concerned with the appearance 
of a specific picture or the profile in general. Participants indicate that they like 
posting pictures because the composition of the picture is beautiful (picture 
appearance). For example, participant 28 (female, 24) explains why she posted a 
picture of herself in Paris ‘Because I really, yes, I thought it was really beautiful and 
yes, it was really beautiful, so that is why.’ Finally, people indicate to post pictures 
because they fit well with the colors and atmosphere of their Instagram profile, 
for example: ‘Yeah, it is mostly because it matches. Yes, I should have one more 
here actually, but you see how the colors flow over, so that is the reason behind 
my pictures, they all fit in my feed’ (participant 2; female 24). We will call this sub-
motivation profile presentation.  

Finally, there were two motivations that occurred less often. First, we found 
a different version of the motivation remuneration (Muntinga et al., 2011). As 
opposed to Muntinga et al., (2011) people did not engage with visual Br-UGC to gain 
monetary benefits, but instead expected benefits related to the platform itself, such 
as more likes and followers. For example, participant 18 (male, 20) tells us: ‘It is of 
course, when looking at my own branding, a way to expand. Scotch & Soda has a 
larger reach than I do. So, I would have liked it to be reposted.’ We will consider this 
a new sub-motivation of remuneration that is called social media rewards.

Second, also empowerment was a motivation for some people to post 
visual Br-UGC. We identified several sub-motivations that all seem to point at the 
importance of brand ambassadorship. People will only post brand-related pictures 
to Instagram when they genuinely like the brand (brand love), work for the brand 
(employee loyalty), or because they have sympathy for small and upcoming brands 
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(startup support). For example, participant 25 (female, 21) explains ‘I specifically 
tagged the butterfly garden because it is a very small place and it just was a lot 
of fun, a fun outing. So, I think if I tag them, and people are interested, they know 
what it is.’ Moreover, various participants specifically indicate that they do not 
have any interest in helping larger brands: 

‘Because I have the feeling that many people know the brand already. So, then 
I do not see the necessity to tag it. […] When it is something small, then I think 
“oh, it would be nice for people to get to know this.”’ (Participant 15; female, 22)  

Table 1. Overview of Identified Motivations to Post Visual Br-UGC

Motivation Sub-motivations
Personal identity Self-expression

Self-presentation

Social Interaction and Integration Sharing experiences

Social affection

Social grooming

Social pressure

Social identity

Social interaction

Aesthetics Picture appearance

Profile presentation

Remuneration* Social media rewards

Empowerment* Brand love

Employee loyalty

Startup support

Archiving -

Note. Boldface motivations indicate motivations that were not present in previous research. 
Motivations indicated with * were only identified for branded content. 

Differences in Motivations Between Visual Br-UGC and Non-
Branded Visual Content
RQ2 examines the difference between motivations to post visual Br-UGC as 
compared to non-branded visual content. We will first discuss the most common 
motivations to post non-branded content that emerged during the interviews. 
Afterwards, we will compare these motivations to the motivations to post visual 
Br-UGC. 
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Motivations to Create Non-Branded Visual Content
Similar to motivations to create visual Br-UGC, also for non-branded content we 
see a distinction between people who create pictures spontaneously and people 
who create picture with the specific purpose of posting them to Instagram. For 
both strategies, archiving is again the most important motivation. As participant 
3 (female, 19) tells us ‘I just liked to take a picture as a memory for her. Of course 
because it was her party, and then you’ll just have some nice pictures to look at 
afterwards.’ Secondly, also aesthetics played a role in the decision to create the 
picture. Like for participant 17 (female, 23): ‘We thought, this is a nice spot, the 
lighting is beautiful and you see the reflection of the building in this building. This 
is where we are going to take a picture.’ 

Motivations to Post Non-Branded Visual Content
For non-branded visual content social interaction and integration is the most 
important motivator. Both the sub-motivations sharing experiences and social 
affection are common reasons to post non-branded visual content. For example, 
participant 13 (male, 19): ‘I wanted to show on social media that I became an uncle,’ 
or participant 27 (female, 23) ‘I look good, my sister looks good, it is a nice picture 
together. And maybe also proud that she is my sister.’ Also, the social grooming 
sub-motivation was present for non-branded content.

Aesthetics was the second most common motivation for non-branded 
content. The sub-motivations picture appearance and profile presentation were 
both present. For example, participant 16 (female, 21) was motivated by appearance 
of the picture ‘I thought it was a beautiful picture, so I posted it. But I do not care if 
other people do not like it’ and participant 25 (female, 21) was motivated by profile 
presentation: ‘I thought okay, that looks nice, that will fit in my feed.’

Personal identity was the third motivator that plays a role for non-branded 
pictures. However as compared to visual Br-UGC, there is less variation in sub-
motivations. Mostly the sub-motivation self-presentation was identified. For 
example, like participant 27 (female, 23): ‘I realize now that I quite often indeed 
want to show that I am on a nice holiday. […] That you are tanned, wearing nice 
clothes, drinking some wine and enjoying yourself.’ Self-expression was more often 
focused on self-enhancement (i.e., showing your looks) for non-branded content 
as compared to branded content. Also archiving was identified as motivator. Like 
participant 21 (female, 30) ‘Yes, at the end of the year you always look back. What 
did I do in the pictures, where was I?’ Finally, also one participant mentioned to 
post to Instagram for entertainment purposes. The motivations remuneration and 
empowerment were not identified in this research. 

In conclusion, the main motivations for visual Br-UGC and non-branded visual 
content are similar. For both types of content social interaction and integration, 
personal identity, and aesthetics are the most important motives to post content 



35

to Instagram. Remarkably, personal identity seems to play an even bigger role for 
visual Br-UGC as compared to non-branded content. People use brands to show 
who they are and to paint a favorable image of themselves. Moreover, brand-
related images are more often used to gain some kind of remuneration in the 
form of platform related rewards, such as more likes, followers, or an influencer 
career. For non-branded visual content on the other hand, social interaction and 
integration seems to be more common. 

Differences in Motivations Between Branded Selfies and Other 
Visual Br-UGC
To answer the final research questions, we look at the motivations people have to 
create (RQ3) and post (RQ4) branded selfies as compared to visual Br-UGC without 
person present. For this part of the research, we compared branded selfies (n = 
58) to branded pictures without a person (n = 17). Even though there were more 
branded selfies as compared to visual Br-UGC without a person, we are confident 
that data saturation was reached for both categories. Nevertheless, we will 
interpret the results with care. 

Differences in Creating Branded Selfies as Compared to Visual Br-UGC 
Without a Person
The results seem to indicate that pictures that contain only the brand (without 
a person) are more often created with the intention to post to Instagram as 
compared to branded selfies. For example, like participant 21 (female, 30): ‘I saw a 
similar shoe picture on Insta, so I thought: Let’s make one like that.’ Branded selfies 
are sometimes also made with the intention to post to Instagram, but sometimes 
it also just happens in the moment. As participant 12 (female, 22) puts it: ‘We were 
just sitting there. The weather was nice, yeah just spontaneously. We were already 
on our phones, then it was just “take a picture” for snapchat or something.’ In 
general, people indicate to take branded selfies mostly for archiving purposes, 
followed by social interaction and integration, and personal identity. For visual 
Br-UGC without a person, social interaction and integration is the most common 
motivator, followed by personal identity, and entertainment. 

Differences in Posting Branded Selfies as Compared to Visual Br-UGC 
Without a person 
To gain more insight into the difference in motivations between branded selfies 
and visual Br-UGC without a person present, we asked the participants to think 
about how they would decide to post a picture together with the brand, or a 
picture of only the brand. Many participants indicated that they would prefer to 
be featured together with the brand, because they feel like they should be present 
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in their own Instagram feed and want to make sure the connection between the 
brand and their own identity is clear. Participant 27 (female, 23) tells us:

‘I would like to be in the picture myself. […] I want to be able to show the 
connection between me and the brand, it would be weird to only show the 
brand. Putting myself in the picture automatically makes that connection.’ 

However, when comparing the motivations to post branded selfies as compared 
to visual Br-UGC that does not feature a person we notice that personal identity 
is also an important motivator for pictures were the poster is not actually present 
in the picture. For example, participant 29 (female, 19) explains about a picture of 
her Dr. Martens shoes: ‘It is kind of my identity. […] In high school I always used to 
wear Dr. Martens. I wear them a lot, I am known for it.’ This is the sub-motivation 
self-expression. Moreover, also self-presentation is still present when the person 
themselves is not. For example, participant 20 (female, 25) explains ‘I wanted to 
show everybody that I have a Quooker, because those are really popular in the 
kitchen world at the moment, so.’  In conclusion, it seems that even though they 
are not present in the picture themselves, how they come off is still an important 
motivator for posting these types of pictures.

Moreover, visual Br-UGC that does not include a person is more often driven by 
empowerment than branded selfies. For example, participant 1 (female, 22): 

‘I stand behind what they do, and I think, often they do small projects, for example 
with covid-19 to distribute soap and rice in villages. Yes, I would definitely share 
that, to make sure that for example there will be more donations.’ 

Finally, also entertainment, archiving, and aesthetics where present as motivators 
to post visual Br-UGC without a person, however these motivations were less 
common and are therefore not further discussed. 

Discussion
This research examined the underlying motivation of consumers to post visual Br-
UGC. Moreover, we look at how motivations to post branded content differs from 
motivations to post non-branded content and how motivations to post branded 
selfies differ from motivations to post pictures that do not contain a person. 
Results showed that for both brand-related pictures and non-brand related 
pictures personal identity, social interaction and integration, and aesthetics were 
the most important motivators. Moreover, for brand-related pictures participants 
seem to put even more emphasis on personal identity. They indicate that they 
use the brands to express their personality and to construct a favorable image of 
themselves. The brand mostly plays a supporting role in these pictures, with the 
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profile owner as the main topic. 
These findings are in line with previous research that looked at motivations 

to use Instagram (Daxböck et al., 2021; Lee et al., 2015), which found that self-
expression is an important motivator for people to post pictures to visual social 
media (Lee et al., 2015). Moreover, Instagram is used to present an ‘ideal self’ 
through pictures (Choi & Sung, 2018). Our research suggests that this is also the 
case for visual Br-UGC. Also, for brand-related pictures the motivations for posting 
are often self-centered, with consumers using the brand to shape their ideal self. 
For example, because they think the brand can express who they are, of because 
the brand is considered a status symbol.  

We had expected that this self-expression would be an even more important 
motivator for branded selfies. However, the current research did not find that. 
For both branded selfies as well as branded pictures that did not show the 
person, personal identity was an important motivator. Even when the person is 
not physically present, they use the pictures to express who they are, by showing 
brands that fit their personality or present their daily lives to their followers. 

Next to personal identity, also social interaction and integration was a common 
motivation for both visual Br-UGC as non-branded pictures. This is in line with 
previous research focusing on both motivations to create branded content (research 
line 1) and motivations to post pictures to Instagram (research line 2). However, it is 
notable that this social interaction and integration seems to be focused mostly on 
strong ties, people with whom they already established a (strong) connection in an 
offline context (Granovetter, 1973). In the research of Muntinga et al. (2011), social 
motivations were mainly focused on meeting like-minded individuals (i.e., people 
that are also fan of a specific brand). Again, in visual Br-UGC the brand does not 
seem to be the main focus in these interactions. Participants use Instagram pictures 
to show their affection for people who are important to them and want to keep their 
close others updated about their daily lives. 

Although the motivations to post visual Br-UGC are mostly personal, some 
participants do post pictures specifically for the brand. The motivation empowerment, 
that was previously identified by Muntinga et al. (2011) was still present for visual 
Br-UGC as well. When posting an image about a brand people do so mainly for 
brands that they feel empathy for. For example, they use their Instagram accounts 
to inform people about an upcoming brand. It rarely happens that people post a 
branded picture to ‘help’ brands that are already established. Moreover, sometimes 
the brand is used for personal gain. For example, because they expect that posting a 
picture of a brand will get them reposted or increase the chances of receiving many 
likes and comments. This motivation is similar to the remuneration motivation of 
Muntinga et al. (2011), however the type of remuneration that is sought is more 
focused on the platform itself rather than on monetary incentives. 

Finally, for both visual Br-UGC as well as non-branded pictures the looks of 
the picture (i.e., aesthetics) were an important motivation to post a picture. It may 
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be that users are really motivated to share aesthetically pleasing pictures, because 
they think it is beautiful. However, it may also be that this need for aesthetically 
pleasing pictures also derives from the personal identity motivation. According to 
Harris and Bardey (2019) an aesthetically pleasing account (i.e., pictures that look 
beautiful and fit well together) can lead to a halo-effect where the pleasantness of 
the account is transferred to inferences about the personality of the profile owner. 
People with an aesthetically pleasing account are often thought of as having more 
positive personality traits than people with less aesthetically pleasing accounts. In 
other words, it might be that people post aesthetically pleasing pictures, because 
they think it will improve their online image. 

Limitations and Future Research 
The current research used a photo-elicitation procedure to gain insights into 
the underlying motivations people have to post visual Br-UGC and compare 
these motivations to other content types. In doing so, we asked one participant 
about different kinds of pictures. However, the ratio of the pictures was not well 
distributed. Pictures with a person present were a lot more common than pictures 
with only the product. This makes the sample of pictures not equally distributed. 
Even though we are confident that we had enough pictures without a person 
to draw conclusions, it might be that the fact that pictures with a person were 
much more common has influenced the results. Future research can try to further 
equalize this distribution by enlarging the sample size.

Furthermore, the qualitative approach of this research focused on in-
depth understandings of the motivations. As a result, it is not possible to draw 
conclusions about the prevalence of the motivations. It would be interesting to 
extend this research with a more quantitative approach in which it is possible to 
measure how often the different motivation types arise. This would also allow us 
to verify whether the differences in the motivations that seemed to appear during 
the interviews are present.

A final limitation involves the sample of pictures. In the current research 
we included both pictures that were brand-related on purpose, and pictures that 
unintentionally contained a brand. We believe this is a strong point of the research 
because both strategies arise in Instagram and both types of pictures can have an 
influence on other consumers. However, people who post the brand on purpose 
might have different motivations to post visual Br-UGC than people who added the 
brand unintentionally. Future research can give more insights into these effects by 
separating both picture strategies. 

Theoretical and Practical Implications
The current research provides both theoretical and practical implications. On a 
theoretical level, the current research adds to the uses and gratifications theory 
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by identifying new motivations (i.e., uses) that are gratified by posting brand-
related pictures to visual social media platforms. Moreover, this research extends 
the motivations that are identified in previous research that focused on both the 
motivations that people have to create and post Br-UGC (e.g., Muntinga et al. 
2011), and the motivations people have to create and post non-branded visual 
content to Instagram (e.g., Sung et al., 2016). Findings show that creating and 
posting are driven by different motivations, and stresses that both behaviors 
should be examined separately in more detail. Regarding posting, aesthetics was 
identified as new motivation for both research lines. Moreover, for the brand-
related motivation in research line 1, new sub-motivations have been identified 
for the motivations social interaction and integration, personal identity, and 
empowerment. 

On a practical level, this research can give marketers insight into how visual 
Br-UGC works and how they can motivate consumers to create visual Br-UGC. 
It is important to realize that consumers create and post pictures that contain 
a brand, even when the brand is not the focus of the picture. The consumer 
might not think about how the picture influences the brand. Moreover, this study 
identified consumers motivations to create and post visual Br-UGC. This can help 
marketers motivate consumers to create visual Br-UGC, for example by focusing 
on personal identity, social interaction and integration, and aesthetics. They can 
do so by asking consumers to take a branded picture that expresses how they 
are, or to share their picture with close others. Finally, to appeal to the motivation 
aesthetics, marketers could reward the most beautiful visual Br-UGC. 
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Appendix A

Topic list

Introduction1

Thank you for participating in this research. With this study we want to gain 
insight into why people post branded Instagram pictures. During the interview, 
we will first discuss how you use Instagram. Afterwards, we will look at a couple of 
pictures you posted and talk about what motivated you to post those pictures. Just 
to be sure, I want to repeat that everything what we discuss here is confidential 
and will only be analyzed in an anonymized way. The interview will last about an 
hour. Are you ready to start? 

(If participant did not fill out the demographics questionnaire, they are instructed to 
do that now). 

 

Instagram 
We start with some general questions.

• Do you have a public profile?
• How many followers do you have?
• For what activity do you use Instagram the most and why? 

o Scrolling, liking posts or commenting on posts, post pictures yourself? 
• How often do you post content?

o Comments, pictures, videos/reels, etc?
• Do you have a specific goal or purpose with your profile/posts?

o Inspiring others?
o Being noticed by brands or influencers?

Brand-related Instagram content
Now we are going to talk about branded pictures. A brand can be featured in 
a post in multiple ways. For example, because someone in the picture wears 
branded clothes, because a brand is present in the background by accident (e.g., 
Because it is taken in front of a store), or because the brand is part of the subject 
of the picture (e.g., a Heineken beer on a terrace). In this research, we count all 
pictures that contain a brand (in whatever way) as branded picture. 

1  A Dutch translation of this topic list was used during the interviews
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Consuming brand-related Instagram content
• How often do you encounter brands on Instagram? In what ways?
o Brand accounts
■	Why do you follow those?

o Hashtag searches
■	Why do you use those?

o Advertisements
o Brand pictures of people you follow
■	Influencers
■	Why do you follow them?
■	Friends 

o Elsewhere

 

Contributing to brand-related Instagram content 
• Do you like pictures that contain a brand? (Clicking on the like button)
o What determines whether you like a picture?
o Is there a difference between brand accounts, influencers, or consumers?

• Do you comment on pictures that contain a brand?
o What determines whether you like a picture?
o Is there a difference between brand accounts, influencers, or consumers?

Creating brand-related Instagram content
• Do you post branded pictures yourself?
o What determines whether you post a picture?
o When do you post a picture of the brand only?
o When do you post a picture of yourself together with the brand?
o Would you say it is more common that you post only the brand or that you 

post a picture of yourself together with the brand? Why?
o What role does the brand play in your pictures?
o How do you portray the brand in the pictures?
■	Hashtags, tags, brand name visible in the picture?
■	Why? 

o Would you tag any brand that occurs in your photo or are there certain 
brands you would not tag?
■	Why/why not?
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In the next part of the interview, we will further discuss some of the branded 
pictures that you posted on Instagram. 

Interviewer chooses a picture and describes the content of the picture (make sure that 
the picture is taken less than a year ago and falls within one of the categories: Branded 
content without person, branded content with person, non-branded content with person). 

In case it is a brand-related picture: 
• Did you take this picture yourself?
o If not: Who took this picture?

• Why did you take this picture/Do you know why this picture was taken?
o Did you take it with the intention to post to Instagram?

• Why did you post this picture to Instagram?
o Were there other factors that played a role in this decision?

During follow-up questions, look out for the following motives:
■	Empowerment (gratification)
■	Remuneration (expect to gain some kind of future reward)
■	Social interaction & integration (social interaction, social identity, social 

pressure, helping)
■	Information (surveillance, knowledge, pre-purchase info, inspiration)
■	Personal identity (self-expression (e.g., show people who you are, build 

your image, self-presentation, self-assurance). 
■	Entertainment (e.g., enjoyment, passing time, relaxation, escapism)
■	Archiving (e.g., to record my life, to look back on later)

I see [NAME BRAND] in this picture.
• How do you think the brand is visualized in this picture?
o How prominent is it?
o Do you think others will notice the brand?
o Was that your intention?
■	No: Why did you choose to have the brand in the picture anyway?
■	Yes: Why did you want the brand in the picture?

• What do you think about this brand?
o Do you feel a connection with this brand? In what way?
o Would you buy products from this brand? 
o Would you recommend this brand to other people? Why?
o How would you describe this brand? 

• Some people choose to tag their pictures with brands, others don’t. why did 
you choose to tag/not to tag your picture?
o In case they tagged the brand: Did you receive a like/comment from the 

brand? How did that make you feel?



43

• What do you think other people will see in this post?
o What would other people think when they see this post? What would you 

want them to think?
o What would you think when you see this post by someone else?

• What do you think the brand thinks about the post?
o Do you think the brand can benefit from this post? How?

• What was your strategy when making this picture?
o What did you want others to think about the picture?
o What did you want to accomplish by posting a picture of this brand?

• Why did you choose this composition?
o Prominence of the brand
o Presence of a person
o Smiling face or not

• Why did you post a picture of yourself together with the brand? OR why did 
you post a picture of only the brand?

In case it is a non-branded picture:
• Did you take this picture yourself?
o If not: Who took this picture?

• Why did you take this picture/Do you know why this picture was taken?
o Did you take it with the intention to post to Instagram?

• Why did you post this picture to Instagram?
o Were there other factors that played a role in this decision?

During follow-up questions, look out for following motives:
■	Empowerment (gratification)
■	Remuneration (expect to gain some kind of future reward)
■	Social interaction & integration (social interaction, social identity, social 

pressure, helping)
■	Information (surveillance, knowledge, pre-purchase info, inspiration)
■	Personal identity (self-expression (e.g., show people who you are, build 

your image, self-presentation, self-assurance). 
■	Entertainment (e.g., enjoyment, passing time, relaxation, escapism)
■	Archiving (e.g., to record my life, to look back on later)

• What do you think other people will see in this post?
o What would other people think when they see this post? What would you 

want them to think?
o What would you think when you see this post by someone else?

• What was your strategy when making this picture?
o What did you want others to think about the picture?
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• Why did you choose this composition?
o Presence of a person
o Smiling face or not

Closing
This is the end of this interview. Thanks a lot for your participations! Do you have 
any questions? If you have questions later on, or are curious to hear about the 
results of the study, please contact a.j.nanne@tilbuguniversity.edu
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Initial Codebook

(Sub)motivation Definition Example
Empowerment brand ambassadors: 

people who display their 
enthusiasm for a brand and, 
importantly,
enjoy convincing others that 
the brand is worth using or 
purchasing.

“Very interesting
tat people buy as a result 
of what I write; that’s really 
cool”.

Remuneration driven by prospects of 
money, job-related benefits, 
or other rewards

“I hope to get more 
followers” 

Social interaction & 
integration

Social interaction in order to meet like-minded 
others, and interact and
talk with them about a 
particular brand

“I am curious to hear what 
other people think” 

Social identity Confirm that they are part 
of a distinct group of brand 
enthusiasts, to generate 
shared social identity

“It is nice to be part of a 
group of nike enthusiasts” 

Social pressure uploading brand-related 
content because other 
people do

“It’s just fun when you’re on, 
for instance, the Björn Borg 
Hyves page and you see 
all the pictures that people 
have taken of themselves, 
and, well, I just join in.”

Helping Helping denotes 
contributing to brand-
related content to help and 
get help from each other.

“Where’s that Converse 
store located? What’s your
favourite Ben & Jerry’s 
flavour?”

Information

Surveillance Observing and staying 
updated: what is going on in 
the brand community?

“I hope to be kept up 
to date with the latest 
developments” 

Knowledge people consuming brand-
related information to 
profit from other people’s 
knowledge and expertise in
order to learn more about a 
product or brand

“All the information
you can’t find or don’t know, 
is explained or sorted out at 
the forum”

Pre-purchase info Reading information 
in order to make well-
considered buying decisions

“To make good buying 
decisions,like, that you are 
aware of a product’s pros 
and cons”
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(Sub)motivation Definition Example
Inspiration people consuming brand-

related information to
‘get new ideas – like a source 
of inspiration, so to speak’

“If I’m looking for new shoes,
then I’ll check it [the 
Converse fan page on 
Hyves] to see if there are 
nice
ones around”

Personal identity 

Self-presentation To show off,
impress others and show 
that they like the brand. This 
also includes keeping up 
appearances on Instagram 
(look at me, I am doing 
great)

“Well, other people upload 
pictures of their shoes, but 
everybody has those shoes, 
and I think I just wanted to 
impress others with that
photo, because surely 
nobody has a Puma tattoo 
that big on that spot. I
thought: I’ll show them how 
crazy I am about Puma” 

Self-expression The brand is used to express 
and shape one’s identity 
and/or personality.

“It is more than a hobby. 
Nintendo is everything to 
me” 

Self-assurance Posting something to get 
reassurance from other 
people, for example about 
their looks. 

“I always like it when 
someone sends me a 
message saying something 
like “Nice pictures you’ve got 
there, dude!”

Entertainment 

Enjoyment Just because it is fun. “Just fun; nothing less and 
nothing more”

Passing time Out of boredom or lack of 
other activities.

“When I am bored and do 
not have anything else to 
do” 

Relaxation Because it helps to unwind 
from everyday live.

“it helps me to relax at the 
end of the day”

Escapism To escape the real world. “So I don’t have to think 
about my problems for a 
while”

Archiving To look back on later/ as a 
keepsake for themselves.

“it’s a nice memory to have”

Note. Codebook was constructed based on Buzeta et al. (2020), Muntinga et al. (2011), & 
Sung et al., (2016). Main motivations are indicated in bold. 
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Abstract
With the growing popularity of visual social media platforms, the amount of 
visual brand-related user generated content (Br-UGC) increases. Especially visual 
Br-UGC that features a person together with the brand is of interest since this 
is a common form of visual Br-UGC. Yet, there is no consensus on the effects 
of person presence in visual Br-UGC on brand outcomes. The current research 
introduces two factors that may guide the effects of person presence: facial 
expression and product involvement. A multi-method approach was adopted to 
examine the effect of these factors on consumers’ reactions towards the post 
(liking and commenting) and reactions towards the brand (brand attitude and 
purchase intention). A computational analysis of a database of 17,452 visual Br-
UGC pictures revealed that consumers are more likely to like and comment on a 
post when there is a person present. However, an additional experiment showed 
that the presence of a person does not influence brand attitude. A thought listing 
procedure points to the importance of social aspects in social media that hinders 
the persuasion process. Implications and future research are discussed.  

Keywords: visual brand-related user generated content; social media; person 
presence; product involvement; brand outcomes
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Introduction
Via social media, consumers have access to an endless stream of content. For 
example, visual platform Instagram has a solid 995 pictures uploads every second 
(Omnicore Agency, 2021). Via these pictures, consumers share their lives and 
experiences, but often these pictures also convey information about products 
consumers use (Gensler et al., 2013; Kim & Johnson, 2016). When featuring a brand, 
we call such pictures visual brand-related User Generated Content (Br-UGC). The 
increasing amount of visual Br-UGC makes this new type of content increasingly 
relevant for marketers. Seventy-three percent of teens say that Instagram is the 
best way for brands to reach them (Omnicore Agency, 2021). Moreover, visual 
Br-UGC may have an even stronger effect on consumers than content created by 
marketers (Goh et al., 2013). For these reasons, it is crucial to gain more insights 
into how visual Br-UGC influences brand outcomes. 

An important factor in understanding how visual Br-UGC influences brand 
outcomes is the effect of person presence in visual Br-UGC. People often portray 
themselves together with a brand (Hartmann et al., 2021). This might affect brand 
outcomes because people have an innate reflex that immediately directs attention 
towards other people (Young & Bruce, 2011). In line with this notion, previous 
research has shown that visual Br-UGC with a person in it gains more likes and 
comments than pictures without a person in it (Bakhshi et al., 2014; Jaakonmäki et 
al., 2017; Mazloom et al., 2016), however this positive effect of person presence is not 
found for brand outcomes such as purchase intention (e.g., Hartmann et al., 2021). 

We argue that the contrasting results can be explained by the way in which 
people process visual Br-UGC. As a result of the information overload on social 
media (Gomez-Rodriguez et al., 2014) people might process cues in a peripheral 
way. As a result, visual Br-UGC can only be influential when there are enough 
peripheral cues available that can influence a consumer’s brand attitude. In 
relation to person presence an important peripheral cue is the presence of a happy 
facial expression (Berg et al., 2015). Consumers can instantly interpret positive 
facial expressions and via the spillover effect this positive affect can transfer to 
the brand that is displayed in the picture (Ekman, 1992; Howard & Gengler, 2001). 
Moreover, we introduce product involvement as moderating factor. According to 
Petty and Cacioppo (1986) people who feel more involvement with a product are 
more likely to use a systematic processing route. For these people the presence of 
a facial expression might be less important.  

In conclusion, this research deepens our knowledge on person presence in 
visual Br-UGC by examining the importance of a happy facial expression and the 
moderating effect of product involvement. Moreover, we look at the role of peripheral 
and systematic processing in visual Br-UGC. In doing so, we use a revolutionary two-
step approach. In response to a recent call from the field (Voorveld, 2019), we combine 
a computational analysis of a large database of real visual Br-UGC with an experiment 
to further investigate underlying processes that lead to the brand outcomes.  
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Theoretical Framework

Processing Visual Br-UGC
The constant stream of new content makes the information density on social 
media platforms high (Omnicore Agency, 2021). As people only have a limited 
cognitive capacity (Lang, 2000), they do not have enough resources to carefully 
process all the information that they encounter. Researchers therefore theorize 
that people work with various levels of processing. The two most prominent 
theories in this field are the heuristic systematic model (HSM; Todorov et al., 2002) 
and the elaboration likelihood model (ELM; Petty & Cacioppo, 1986). Both these 
models distinguish two routes to process information. An elaborate (systematic) 
route, where a person consciously weights all arguments in favor of- and against 
the object to form an attitude on the one hand, and a more peripheral (heuristic) 
route relying on simple cues to persuasion on the other. 

Which of the two routes takes the lead in information processing can depend 
on a large variety of variables that influence a person’s “motivation” or “ability” to 
process the message (Petty & Cacioppo, 1986; Wagner & Petty, 2011). Motivation 
refers to people’s willingness to process the message and can be present for 
different reasons. For example, because the message has personal relevance 
to them, as they know they will have to buy a similar product in the future, or 
because they like to think about things in general (Wagner & Petty, 2011). Ability 
refers to whether a person has the resources to engage in systematic processing. 
Similar to motivation, ability can be influenced by many different factors, such as 
the time the person has available to think about the message or distractions in the 
environment (Wagner & Petty, 2011).

The Effect of Facial Expression on Visual Br-UGC
Because of the constant stream of new Instagram posts and the emphasis on 
socializing that characterizes Instagram (Voorveld et al., 2018), the motivation 
to process brand information is expected to be low for most people. Because 
of this low motivation, it is likely that receivers of the content will rely on a 
peripheral route to form an attitude about the product pictured in the post. Facial 
expression can be a crucial factor in this peripheral route to persuasion. A facial 
expression is one of the most informational social cues that can be observed in 
other people (Vuilleumier, 2005). Interpreting another person’s facial expression 
can yield important information about possible threats or pleasures in the 
environment (Vuilleumier, 2005; Bradley et al., 2001). People are so skilled in 
reading other people’s facial expression that they can do so automatically, even 
without conscious control (Vuilleumier, 2005). As a result, even people who are 
not motivated to process brand information can be influenced by a picture of a 
smiling person holding a product. 
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This peripheral persuasion can be either direct because receivers of the 
content consider the smile as positive information about the product, or be indirect 
(Hatfield et al., 1993), as seeing someone smile cannot only inform us about things 
in the environment but can also affect our own emotions (Hatfield et al., 1993). 
People who see someone smile are automatically inclined to smile too (Hess & 
Bourgeois, 2010). Moreover, according to Hatfield and colleagues (1993) people 
experience a fraction of the emotion they observe in other people. In other words: 
seeing someone happy makes you happy. We call this the emotion contagion theory 
(Hatfield et al., 1993). Emotional contagion can influence brand outcomes via the 
feelings-as-information hypothesis (Clore, 1992; Howard & Gengler, 2001). Positive 
feelings people experience due to a depicted smiling individual can transfer to 
related objects, such as the brand in the picture (Howard & Gengler, 2001). 

Overall, a happy facial expression has proven itself a powerful persuasion 
tool. A happy facial expression attracts more attention than a neutral one (Fan 
et al., 2018; Teixeira et al., 2012). Moreover, smiling people are liked better (Lau, 
1982), and considered as more trustworthy than non-smiling individuals (Yang 
et al., 2021). A happy facial expression also affects advertising outcomes. For 
example, research of Berg et al. (2015) showed that ads with a smiling person in it, 
lead to more consumer joy and a more positive brand attitude than ads without 
a smiling person. A recent study of Nanne and colleagues (2021) also points in 
this direction, as they indeed found that visual Br-UGC with a happy person in the 
picture can have a positive influence on consumers’ brand attitude. However, we 
do not yet know how these affects are influenced by the processing route that 
consumers experience. Therefore, the first two hypotheses read:

H1. A person with a happy facial expression in visual Br-UGC will get more (a) likes and 
(b) comments than a person with a neutral facial expression or no person present.

H2. A person with a happy facial expression in visual Br-UGC will lead to a stronger 
(a) brand attitude and (b) purchase intention than a person with a neutral facial 
expression or no person present. 

Furthermore, we look at how the processing routes can explain these effects:

RQ1. What is the role of peripheral and systematic processing in visual B-UGC?

The Moderating Role of Product Involvement on Visual Br-UGC
The effect of facial expression on brand outcomes is expected to differ as a result 
of consumer’s product involvement. Involvement is the perceived importance 
of a product or brand (Mitchell, 1979). Product involvement is an important 
factor in brand outcomes because the involvement with a product can influence 
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how people engage with the brand in social media (Gómez et al., 2019) or how 
effective the advertisement is (e.g., Drossos et al., 2014). The influence of product 
involvement on brand outcomes is explained by the fact that involvement with 
a product can alter the motivation people have to process information about a 
particular product (Miniard et al., 1991; Petty & Cacioppo 1986). More specifically, 
products that are considered more important (i.e., high involvement products) are 
more likely to be processed in a systematic way (Petty et al., 1983), whereas low 
involvement products can be processed in a more peripheral way. As a result, the 
effect of peripheral cues such as a happy facial expression might be different for a 
high involvement product as compared to a low involvement product. 

People who follow the systematic route to persuasion, will carefully consider 
the provided information, will try to come up with counter arguments and compare 
the product to other products, before making a decision (Petty & Cacioppo, 1986). 
On the contrary, when product involvement is low, consumers will likely take less 
effort to process the stimuli and rely on peripheral cues such as a happy facial 
expression instead. Following this line of reasoning, we argue that a happy facial 
expression has a stronger effect on brand outcomes for low involvement products 
than for high involvement products, because low involvement products have a 
higher chance to be processed in a peripheral way. The next two hypotheses read:

H3. The positive effect of a happy facial expression on (a) likes and (b) comments 
is stronger for lower levels of product involvement.

H4. The positive effect of a happy facial expression on (a) brand attitude and (b) 
purchase intention is stronger for lower levels of product involvement.

Moreover, we examine whether the processing route can explain these effects:

RQ2: Does the way of processing visual Br-UGC differ depending on the level of 
product involvement?

Method Study 1
In the first study, we conducted an automated content analysis by use of computer 
vision on a database of 17,452 brand-related Instagram pictures. We looked at the 
prevalence of a person and a happy facial expression in visual Br-UGC and examined 
the effects on likes and comments for various levels of product involvement. This 
study was approved by the Research Ethics and Data Management Committee of 
Tilburg University School of Humanities and Digital Sciences. 
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Database
We randomly picked a sample of eight brands in different branches from the top 
100 most loved brands on social media (Netbase, 2017) and used a pre-test (N = 38, 
Mage = 20.58, SDage = 2.46, 84.2% women) to measure consumers’ involvement 
with each brand on a seven-point scale. The pre-test identified BMW (M = 5.95, SD 
= 1.01) as highest involvement brand, Nike as medium involvement brand (M = 
3.31, SD = 1.15), and Coca-Cola (M = 2.04, SD = 1.10) as lowest scoring involvement 
brand. Additionally, we included for each product a brand in the same sector to 
increase validity (Ford, Adidas, and McDonalds respectively) bringing the total of 
brands in this database to six. 

Instagram was considered the most appropriate social media platform 
because of its current popularity and visual character (Omnicore Agency, 2021). 
All pictures tagged with one of the six brand names (i.e., #BMW, #Ford, #Nike, 
#Adidas, #Cocacola, #McDonalds) and posted in November 2017 were included in 
the database, together with metadata such as the number of likes and comments. 
We collected the pictures one month after they were posted, to ensure maximum 
equality in the opportunity to gain likes and comments. The final dataset consisted 
out of 17,452 pictures (see Table 1).  

Table 1. Total Number of Pictures in the Database per Brand

Brand Number of pictures in database
Adidas 2,235

BMW 3,145

Coca-Cola 322

Ford 5,102

McDonalds 344

Nike 6,304

Total 17,452

Computer Vision Model
The pictures were analyzed with the Google Cloud Vision API model (Google 
Cloud, 2022) based on previous research (Nanne et al., 2020). The model yielded 
a list of objects that were recognized in the picture (e.g., “car” or “person”) up to 
a maximum of 10 objects per picture. In addition to the general vision model, 
we also employed Google’s facial recognition tool (Google Cloud, 2022). This tool 
detects the presence of a face and makes an estimate of the displayed facial 
expression (i.e., anger, sorrow, joy, or surprise) with likelihood levels ranging from 
1 (very unlikely) to 5 (very likely). 
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Measures
Presence of a Person
All pictures that feature exactly one recognized face are coded as “1” (person present). 
Pictures with no person present are coded as “0”. Pictures that feature only parts of 
a person (e.g., a hand) or more than one person are excluded from analysis. We 
decided to only include pictures with a face, because this is the part of the human 
body that attracts the most attention (Morrisey et al., 2019). Moreover, we only 
include pictures with one person, because multiple people can yield different effects. 
For example, because the faces are smaller and therefore less noticeable or because 
different people have different facial expressions which can cause noise in the data. 

Facial Expression 
Facial expression was coded by means of the Google Vision output. Pictures that 
scored a 4 (likely) or 5 (very likely) on the emotion “joy” were coded as happy facial 
expression. Pictures that scored a 1 (very unlikely) or 2 (unlikely) on all emotions 
were coded as neutral. Pictures that scored a 3 (possible) on one of the emotions 
were excluded from the analysis, because there was too much uncertainty about 
the displayed expression. 

Reactions Towards the Post 
The reactions towards the post consist of the number of likes (M = 112.11, SD = 
314.98, range = 0 – 15,265) and comments (M = 1.43, SD = 4.02, range = 0 – 103) a 
picture received in one month (De Vries et al., 2012). 

Control Variable
We include the number of followers a poster had at the time of posting as control 
variable. Because the pictures people post are visible to their followers, someone 
with many followers has a higher chance to receive a high number of likes and 
comments, which can influence the results. The number of followers as control 
variable controls for this.  

Results Study 1

Analysis 
To test the hypotheses, we ran two negative binomial regressions with the MASS 
package (Venables & Ripley, 2002) in R (R Core Team, 2019). This choice was 
motivated by the over-dispersed nature of the count data (Cameron & Trivedi, 
2013). One regression had the number of likes as dependent variable, and one 
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regression had the number of comments as dependent variable. Both models 
included the involvement level (i.e., low, medium, or high), and person presence 
as independent variables. We used contrast coding to enter the variables in the 
regression analysis. The variable person presence had two contrasts: The first 
contrast distinguished between no person present and person present. The 
second contrast distinguished between the presence of a neutral person and a 
happy person. A second set of contrasts was used to enter product involvement 
in the analysis. The first contrast distinguished between low- and medium 
involvement. The second contrast distinguished between medium- and high 
involvement. The models included both the main effects of person presence and 
product involvement as well as the interaction terms between both. Finally, we 
included the number of followers as control variable in both analyses. 

Table 2. Descriptive Statistics per Group for Likes and Comments

Likes Comments
n M SD Median N M SD Median 

Low involvement,
No person present

473 67.36 203.94 28 473 0.90 2.25 0

Low involvement,
Neutral person

72 104.44 234.34 62.5 72 1.40 2.81 0

Low involvement,
Happy person

45 93.18 93.85 59 45 1.87 4.74 0

Medium involvement,
No person present

5,986 106.84 323.09 35 6,085 1.08 3.02 0

Medium involvement,
Neutral person

1,329 153.82 289.45 75 1,338 3.71 8.37 0

Medium involvement,
Happy person

415 175.55 287.23 86 417 3.33 7.46 0

High involvement,
No person present

7,616 99.41 234.45 41 7,619 1.00 2.23 0

High involvement,
Neutral person

306 111.48 214.53 49.5 306 1.18 2.59 0

High involvement,
Happy person

138 98.33 274.24 32 138 1.12 1.74 0

Because we performed a negative binomial regression instead of an ordinary 
least square regression, it was not possible to calculate the R-squared. Instead, 
we relied on the reduction of deviance to give an estimation of the explained 
variance (Bakhshi et al., 2014). For likes, there was a deviance reduction of χ2(9) 

= (27,408-18,853) or 31%, which was significant at p <.001. For comments there 
was a deviance reduction of χ2(9) = (12,261-11,592), which translates to 5%. Even 
though this is considerably lower, also the comments model was significant with 
p < .001. We provide an overview of the descriptive statistics per group in Table 2. 



59

Sender Presence Effects in Visual Br-UGC

3

Effect of Facial Expression on Reactions Towards the Post
The first hypothesis stated that pictures with a happy facial expression receive 
more likes and comments than a neutral facial expression. For this hypothesis, we 
looked at the second set of contrasts that differentiated between visual Br-UGC 
with a neutral facial expression and happy facial expression. Facial expression had 
no significant effect on the number of likes (b = 0.032, SE = 0.038, p = .404) or the 
number of comments (b = 0.025, SE = 0.085, p = .772). The second hypothesis is 
therefore rejected (See Table 3 and Table 4). Nevertheless, is it notable that person 
presence has a positive effect on the number of likes (b = 0.15, SE = 0.014, p < 
.001) and comments (b = 0.21, SE = 0.031, p < .001) a picture received, in line with 
previous research. 

Table 3. Estimates of the Model with Likes as Dependent Variable

Coefficient Standard error Z-value Significance
Intercept 4.30 0.026 163.02 < .001

Person Presence 0.15 0.014 10.60 <.001

Facial Expression 0.032 0.038 0.83 .404

Involvement1 (low vs. medium) 0.08 0.047 1.79 .073

Involvement2 (medium vs. high) -0.11 0.033 -3.17 .002

Followers .000005 .0000006 88.17 <.001

Person Presence x Involvement1 
(low vs. medium)

0.0078 0.025 0.31 .758

Person Presence x Involvement2 
(medium vs. high)

-0.11 0.017 -6.18 <.001

Facial Expression x 
Involvement 1 (low vs. medium)

-0.054 0.069 -0.79 .427

Facial Expression x Involvement 2 
(medium vs. high)

-0.088 0.049 -1.79 .073

Effect of Involvement on Reactions Towards the Post
The third hypothesis stated that the effect of a happy facial expression would be 
stronger for lower levels of involvement. To answer this hypothesis, we look at 
the interaction effect between facial expression and the involvement dummies for 
likes and comments. None of these interactions were significant (See Table 3 and 
Table 4). Hence, the third hypothesis is rejected.
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Table 4 . Estimates of the Model with Comments as Dependent Variable

Coefficient Standard error Z-value Significance
Intercept 0.39 0.058 6.73 <.001

Person Presence 0.21 0.031 6.78 <.001

Facial Expression 0.025 0.085 0.29 .772

Involvement 1 (low vs. medium) 0.13 0.10 1.24 0.217

Involvement 2 (medium vs. high) -0.32 0.074 -4.29 <.001

Followers 0.000004 0.000001 3.27 .002

Person Presence x Involvement1  
(low vs. medium)

0.022 0.056 0.39 .700

Person Presence x Involvement2 
(medium vs. high)

-0.16 0.039 -4.22 <.001

Facial Expression x 
Involvement1 (low vs. medium)

-0.13 0.15 -0.88 .378

Facial Expression x Involvement 2 
(medium vs. high)

-0.048 0.11 -0.44 .659

Discussion Study 1
In the first study, we extended previous research by looking into the effect of 
a positive facial expression and product involvement in visual Br-UGC.  Results 
show that person presence increases both the amount of likes and comments a 
picture receives, however this is not influenced by a positive facial expression. It 
seems that the mere presence of a face is enough to establish a positive effect on 
engagement. A second study will examine whether person presence also positively 
affects brand outcomes (i.e., brand attitude and purchase intention).

For product involvement, we did not find the hypothesized interaction effect 
between facial expression and product involvement. However, it is interesting to 
note that the effect of person presence is stronger for lower levels of product 
involvement. This suggests, in line with the ELM, that the presence of a person 
is more important for low involvement products. People who have a high level 
of involvement with the product might be more interested in the product itself 
rather than the person who uses the product. The second study will examine the 
elaboration routes that lead to brand outcomes.  
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Method Study 2

Design
This study adopted a 3 (no person, neutral person, happy person) by 3 (low-, 
medium-, and high product involvement) between-subjects design. The study was 
approved by the Research Ethics and Data Management Committee of the School 
of Humanities and Digital Sciences at Tilburg University. 

Participants
We gathered participants online via snowball sampling. Everyone between 18 and 
35 years old (with an Instagram account) could join the study in line with Instagram 
demographics (Statista, 2021). The dataset consisted of 313 participants (Mage = 
24.27, SDage = 3.16, 68.4% women) equally divided across conditions. 

Materials
We created our own stimulus material for all nine conditions. Each stimulus featured 
the same model, a girl in the same age group as the participants and was taken in the 
same neutral environment. The only elements that differed between pictures were 
the type of person presence (i.e., no person present, neutral person present, or happy 
person present) and the level of product involvement (i.e., low, medium, or high). 

In line with Study 1, we used McDonalds and Coca-Cola as low involvement 
products, Adidas and Nike as medium involvement products, and BMW and Ford 
as high involvement products. For each brand, we made three pictures: One of 
the product itself, one of the product held by a girl with a neutral facial expression 
and one of the product held by a girl with a happy facial expression. The pictures 
were altered to mimic Instagram content by adding a fictitious username, like and 
comment buttons, and the time of posting. Each stimulus had “just now” as time 
of posting to justify the absence of likes and comments. 

A pre-test amongst 45 participants (M = 23.79, SD = 2.64, 53.5% women) 
proved that the manipulation was successful. Pictures with a happy facial 
expression (M = 6.77, SD = 1.48) were perceived as significantly more happy than 
pictures with a neutral facial expression (M = 2.04, SD = 1.07, Mdiff = -4.73, F(1,35) = 
245.61, p < .001) on a 9-point scale.

Procedure
After participants gave informed consent, the questionnaire started with general 
questions about demographics and Instagram usage. Afterwards, participants 
were randomly assigned to one of the nine conditions. For each condition, 
there were two posts (e.g., a McDonalds post and a Coca-Cola post in the low 
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involvement category), which post participants saw was decided at random. We 
asked participants to imagine that they were scrolling through their Instagram 
feed and encountered the post in their timeline. Subsequently, they engaged in a 
thought listing procedure and answered questions about brand outcomes. At the 
end of the experiment, participants were thanked for their participation. 

Measures
Brand Outcomes
To measure brand attitude and purchase intention we used the scale of Spears 
and Singh (2004). The scale consists of five differential scales for brand attitude 
(e.g., I find [brand name] interesting – not interesting) and purchase intention (e.g., 
I would never buy this brand – I would definitely buy this brand) measured on 
a seven-point Likert scale. Both brand attitude (M = 4.87, SD = 1.24, α = .92) and 
purchase intention (M = 4.72, SD = 1.79, α = .97) showed good reliability.

Engagement Intention 
We measured participant’s intention to like and comment on visual Br-UGC to 
compare the results of the experiment to the results of Study 1. Participants 
indicated how likely it was that they would like this picture (like intention) or 
comment on this picture (comment intention) on a seven-point Likert scale ranging 
from 1 (not likely at all) to 7 (very likely; Nanne et al., 2021). Because we consider 
liking and commenting separate behaviors, we did not calculate a combined scale 
(Mliking = 2.46, SDliking  = 1.79, Mcommenting = 1.25, SDcommenting = 0.77).

Thought Listing
We administered a thought listing procedure by asking participants to list everything 
that comes to mind when looking at the picture (Cacioppo & Petty, 1981). According 
to Shen and Seung (2018), this method is appropriate to examine elaboration in 
persuasive messages. A minimum of three thoughts was required to make sure 
people did not skip this question. In total, we coded 1216 thoughts of 313 participants. 

We created a codebook to code thoughts people have had in different 
categories (i.e., thoughts related to the person, brand, and post) and the sentiment 
of the thoughts. To make sure that we developed clear distinctive categories, 10% 
of the data was double coded. The coding showed good inter-coder reliability for 
all categories (Kappas > .70; Cohen, 1960) except for neutral and negative thoughts 
about a person, which are relatively low (Kappa = .38 and Kappa = .49 respectively) 
because these categories were least common. However, according to previous 
research, these kappas are still acceptable (Tang et al., 2015). We conducted 
ANOVAs to analyze the number of thoughts related to the person, brand, and post 
per condition. Moreover, we looked at the content and sentiment of the thoughts 
to gain additional insights into the thought process. 
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Manipulation Checks
We measured perceived product involvement to make sure that the involvement of 
the participants was in line with the product involvement categories that we assigned 
(see Study 1). Cognitive involvement was measured with three differential scales (e.g., 
this decision requires a lot of thinking – no thinking) measured on a seven-point Likert 
scale (Kim & Lord, 1991; M = 3.65, SD = 1.79, α = .87). Furthermore, we incorporated 
a manipulation check to see whether participants paid attention to the stimulus. We 
asked each participant to indicate whether there was a person present in the visual 
Br-UGC that they saw, and – if there was – what the facial expression was of that 
person. Participants that fail the manipulation check are excluded from analysis.  

Results Study 2

Analysis
Before running the analyses, we used a one-way ANOVA to check whether the 
perceived product involvement of the participants is in line with the involvement 
categories that we distinguished in the conditions. Results show a significant 
difference in perceived involvement (F(2,296) = 172.11, p < .001). Post hoc tests 
with Bonferroni correction showed that the low involvement condition (M = 2.19, 
SD = 1.32) scored significantly lower on product involvement than both medium 
involvement (M = 3.45, SD = 1.18) and high involvement (M = 5.38, SD = 1.14). Also the 
difference between medium and high involvement was significant. There were 46 
participants that failed the manipulation checks, we excluded them from analysis2.

To analyze the effects of facial expression and product involvement on 
engagement (H1 and H3) and brand outcomes (H2 and H4), we ran four factorial 
ANOVAs with person presence (i.e., no person, neutral person, happy person) and 
product involvement (i.e., low, medium, or high) as independent variables and like 
intention, comment intention, brand attitude and purchase intention as respective 
dependent variables. Both the models for brand attitude (F(8,248) = 4.85, p < .001, 
R2 = .14) and purchase intention (F(8,248) = 7.71, p <.001, R2 = .20) were statistically 
significant. The models for like intention (F(8,248) = 1.26, p = .267, R2 = .039) and 
comment intention (F(8,248) = .54, p = .826, R2 = .017) were not. 

The Effect of Facial Expression on Engagement Intention
The first hypothesis stated that visual Br-UGC with a happy facial expression gain 
more likes and comments than visual Br-UGC with a neutral expression or no 
person present. Because the ANOVA was not significant this hypothesis cannot 
be accepted. As opposed to Study 1, there was also no significant effect of person 

2  The same analysis including the people who failed the manipulation check led to the same conclusions
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presence or product involvement on like and comment intention. An explanation 
for this might be found in the thought listing data, participants indicate that they 
would have liked the visual Br-UGC when they personally know the sender of the 
content. We reflect on these findings in the discussion. 

The Effect of Facial Expression on Brand Outcomes
The second hypothesis stated that the presence of a person with a happy facial 
expression leads to stronger brand attitude and purchase intention than the 
presence of person with a neutral facial expression or visual Br-UGC where there 
is no person present. Results indicated no significant effect of the presence of a 
person on neither brand attitude (F(2,248) = 0.78, p =.459, ηp

2 = .006) nor purchase 
intention (F(2,248) = 1.10, p = .334, ηp

2 = .009). This means that the facial expression 
of the person in the picture does not influence brand outcomes. The hypothesis is 
rejected (see Table 5 and Table 6).

The thought listing reveals that participants have slightly more thoughts 
about the person with a neutral expression (M = 2.05, SD = 1.40) compared to 
a happy facial expression (M = 1.73, SD = 1.23; p = .045), but for the happy facial 
expression the thoughts were more often positive (45.6%) than for neutral facial 
expression (27.9%). The amount of brand thoughts and the sentiment of the brand 
thoughts does not differ for a neutral expression (M = 1.03, SD = 0.80) and a happy 
expression (M = 1.10, SD = 0.75). It seems as even though a happy facial expression 
makes people think more positively about the person in the picture, these feelings 
do not transfer to the brand. The expected spillover effect is not happening. 
Notably, for both person present conditions the number of brand thoughts is 
lower than for the condition with no person present (M = 1.66, SD = 1.22, F(2,313) 
= 13.75, p < .001, np2 = .083). This might indicate that person presence distracts 
attention from the brand.

The Effect of Product Involvement on Engagement
The third hypothesis stated that the positive effect of a happy facial expression on 
engagement would be stronger for lower levels of product involvement. Because the 
ANOVA for engagement was not significant, we cannot accept this hypothesis. There 
is no moderating effect of product involvement on engagement with visual Br-UGC.

The Effect of Product Involvement on Brand Outcomes
The fourth hypothesis stated that the effect of facial expression on brand 
outcomes would be stronger for lower levels of product involvement. For brand 
attitude there was no significant interaction between person presence and 
product involvement (F(4,248) = 1.52, p = .197, ηp

2 = .02). For purchase intention 
on the other hand, results indicated an interaction effect of person presence and 
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product involvement (F(4,248) = 2.79, p = .027, ηp
2 = 0.04). However, this effect 

was opposite of what we had expected, with a stronger effect of person presence 
for higher levels of product involvement (see Figure 1). Therefore, also the last 
hypothesis is rejected. 

Table 5. Means and Standard Deviations for Brand Attitude per Condition

No person 
present
M(SD)

Neutral facial 
expression

M(SD)

Happy facial 
expression

M(SD)
Low involvement 4.96(1.42)ab,x 4.56(1.42)a,x 4.74(1.14)a,x

Medium involvement 5.60(1.06)a,x 5.37(0.97)a,x 5.37(0.74)a,x

High involvement 4.27(1.17)b,x 4.44(0.98)a,x 4.93(0.98)a,x

Note. Different superscripts in a column (a,b,c) or row (x,y,z) indicate significant differences 
at p < .05 based on post hoc tests with Bonferroni correction

Table 6. Means and Standard Deviations for Purchase Intention per Condition

No person 
present
M(SD)

Neutral facial 
expression

M(SD)

Happy facial 
expression

M(SD)
Low involvement 5.06(1.79)a,x 5.24(1.62)a,x 4.94(1.47)a,x

Medium involvement 5.47(1.62)a,x 5.63(1.32)a,x 5.24(1.53)a,x

High involvement 3.30(1.51)b,x 3.56(1.79)b,xy 4.74(1.89)a,y

Note. Different superscripts in a column (a,b,c) or row (x,y,z) indicate significant differences 
at p < .05 based on post hoc tests with Bonferroni correction. 

In the thought listing, we do not see a difference in the number of thoughts 
about the person between involvement levels, but we do see that the percentage 
of positive thoughts increases from no person present (5%) to neutral person 
present (38.6%), and from neutral person present to happy person present 
(60%). When looking at the content of those thoughts it seems that people find it 
annoying when people ‘show off’ expensive products without being in the picture 
themselves. Common thoughts are “Must have rich parents”, “Cocky”, or “Why 
would you post this”. For pictures with a person the sentiment changes. Most 
people are happy for her that she was able to buy a car or start fantasizing about 
having a car of their own. Even though the presence of a person did not influence 
brand thoughts, it might be that seeing someone similar to themselves having a 
car makes them realize that they might be able to buy a car themselves too. 
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Figure 1. The Effect of Person Presence on Purchase Intention per Involvement Level
Note. Error bars indicate 95% CIs

Underlying Processing Routes
Finally, we examine the role of peripheral and systematic processing routes in 
visual Br-UGC (RQ1) and if the processing routes differ depending on product 
involvement (RQ2). Regarding the first research question, it is remarkable that 
across all involvement conditions the presence of a person leads to more thoughts 
about the person, and less thoughts about the brand. Moreover, the number of 
thoughts is equal across all conditions (M = 3.88, Range = 3-9). That might indicate 
that, in line with our expectation, people are more inclined to use a peripheral 
processing route, focusing on peripheral cues such as a facial expression. 
Regarding the second research question, the ratio of thoughts about the brand 
and about the person is equal across all involvement conditions. This suggests 
that there is no difference in processing route depending on product involvement. 

Discussion Study 2
The second study revisited the effects of facial expression and product involvement 
on engagement in an experimental setting. As opposed to Study 1, this study 
did not find an effect of a happy facial expression and product involvement on 
engagement. Thought listing revealed that this might be because there was no 
bond between sender and receiver. Moreover, the second study extended the 
first study by looking at brand attitude and purchase intention. We did not find an 
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effect of facial expression on brand attitude or purchase intention. Furthermore, 
for brand attitude there was also no interaction effect with product involvement. 
For purchase intention, on the other hand, there was an effect: the effect of facial 
expression was stronger for a higher level of product involvement. 

General Discussion
The current research used a multi-method approach to examine the role of facial 
expression and product involvement in visual Br-UGC on reactions towards the 
post (liking and commenting) and reactions towards the brand (brand attitude 
and purchase intention). Results showed that the presence of a person generally 
induces more likes and comments on a picture, but this effect does not transfer 
to brand attitude, regardless of facial expression and product involvement. When 
looking at facial expression and product involvement we did find an effect on 
brand outcomes: Results showed that facial expression has a stronger effect on 
brand outcomes for high involvement products as compared to medium and low 
involvement products. 

Our findings are in line with the vampire effect that was proposed by Erfgen 
et al. (2015) when talking about the presence of celebrities in the picture. According 
to this effect, people are focused on the person that is present in the picture, to 
such an extent that the brand is overshadowed. In the current study, we find an 
indication for the existence of the same effect in visual Br-UGC. The thought listing 
procedure showed that people have fewer thoughts about the brand when there 
is a person present in the picture as compared to when there is no person present. 
This effect is present for both visual Br-UGC with a neutral facial expression and a 
happy facial expression. We expected that positive feelings that people experience 
when seeing a person smile, would transfer to the brand (Howard & Gengler, 
2001). However, even though people think more positively about visual Br-UGC 
when there is a smiling person in the picture, as compared to a neutral looking 
person or no person, this expected spillover effect is not happening. The absence 
of the spillover effect can be explained by the fact that people’s main reason to be 
on Instagram is to socialize and connect with other people (Voorveld et al., 2018), 
which makes them extra focused on other people and less focused on the brand.

The results of both Study 1 and Study 2 seem to point at the importance of 
social aspects in Instagram behavior. Study 1 showed that person presence led to 
significantly more likes and comments than pictures without a person. Study 2 on 
the other hand did not replicate this effect. The difference between both studies is 
that the first study was conducted on a real-life database, and the second was in 
a controlled experimental environment where everyone saw the same picture, of 
a person that they do not personally know. This also showed in the thought listing 
procedure of the experiment, where multiple people indicated that they would 
have liked the picture if they would personally know the person in the picture. 
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These results are in line with a study of Nanne et al. (2021), which showed that 
people are indeed more likely to post a comment underneath visual Br-UGC if they 
personally know the sender, but that this bond between sender and receiver does 
not influence people’s perceptions about the brand in the post.

Another remarkable social process that we observed was the moderating 
role of product involvement in the effect of facial expression on purchase 
intention. As opposed to our expectations, we saw that the effect of a positive 
facial expression was stronger for high involvement products as compared to low- 
and medium involvement products. In the thought listing procedure, it became 
clear that participants were very negative about people “showing off” expensive 
products. However, when the person was in the picture, participants were mostly 
happy for her or fantasized about having a car of their own. As a result, though 
the number of thoughts across conditions stayed the same, the sentiment of the 
thoughts became a lot more positive when the person is visible in the pictures.  

Limitations and Future Research
Although our study has shed light on person presence effects in visual Br-UGC, 
there were also some limitations to this study. First, in the second study we asked 
people for their intention to like a post and/or comment on a post. People had 
to predict whether they would have liked this post if they would encounter it on 
Instagram in real life. The results showed little variance in this measure, many 
people indicated that it was not likely at all that they would like this post. This 
might indicate that this type of experiments is less ecological valid because the 
role of tie strength is so important (Nanne et al., 2021). Future research might 
add more ecologically valid measures, for example by recreating an Instagram 
environment that provides people with the opportunity to perform the action of 
liking a post or commenting on a post within their own (Instagram) profile.

A second limitation involves the brands that we used in both experiments. 
For both Study 1 and Study 2 we used existing brands, to make sure that the 
brands were the same in both studies and for ecological validity. However, the 
brand that we used are all well known. It may be that people already formed a 
strong brand attitude about these brands, and that might explain why the brand 
attitude was not influenced by the visual Br-UGC. In the future, it would be 
interesting to do this research with less known or non-existing brands to prevent 
existing brand attitudes from influencing the results. Moreover, we used a limited 
number of brands in each product category. We are confident that the brands 
represented the different product involvement levels, but in the future, it may be 
good to extend this research also to other brands and product categories, to make 
sure that the effects hold for other products as well. 
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Implications 
This study has important methodological, theoretical, and practical implications. 
From a methodological perspective, this study was among the first to combine 
computational data with an experiment in the field of marketing (for an exception 
see: Hartmann et al., 2021). The combination of both studies showed that they 
each have their own limitations. The benefit of a computational method is that 
you can quickly assess a large amount of data and examine real-life pictures and 
behaviors, such as liking. On the other hand, it is difficult to control the data. 
Pictures can be very diverse, which makes it hard to define what characteristics of 
the picture relate to certain outcomes, such as liking. Moreover, it is not possible 
to examine attitudes or underlying processes. The benefit of an experiment is 
that it is possible to examine those subjective measures and that you can do so in 
a well-controlled way. On the other hand, that makes the experiment also more 
distant from a real-life situation, which affects the ecological validity. As a result, 
combining both methods opens up more possibilities to examine marketing 
questions from various angles. 

From a theoretical perspective, this study shed light on the processing 
of visual Br-UGC on visual social media platforms. As opposed to what we had 
expected based on the elaboration likelihood model (Petty & Cacioppo, 1986), 
the presence of a person is important for visual Br-UGC of all involvement levels. 
This seems to indicate that on visual social media (e.g., Instagram) peripheral cues 
such as a happy facial expression are always important, which means that people 
process visual Br-UGC different from traditional advertising messages. A second 
theoretical implication involves the effects of the social character of Instagram 
behavior. Based on previous research we expected a spillover effect, where 
positive feelings about a person also transfer to the brand. We did not observe 
this effect in visual Br-UGC, possibly because people are so focused on the person 
in the picture that they do not focus on the brand.

Finally, this study also gave useful insights for marketers. Results showed 
that visual Br-UGC with a person in it gains more likes and comments than visual 
Br-UGC without a person in it. Moreover, this effect holds for all levels of product 
involvement. If marketers want to use visual Br-UGC as part of their marketing 
strategy it is therefore advisable that they choose the pictures with a person in it 
to share on their own channels, or specifically ask for pictures with a person it, for 
example through a selfie contest. Even though visual Br-UGC has no direct effect 
on brand attitude or purchase intention, visual Br-UGC with a person in it can help 
to increase the online engagement with a brand.  
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Abstract
The popularity of visual social network site Instagram has led to an increase of 
visual brand-related user-generated content (Br-UGC), which has the potential 
to affect brand outcomes. Previous research identified sender presence as an 
important content characteristic that can influence consumer’s brand responses. 
However, the effect of sender presence in visual Br-UGC seems to be different 
from that of traditional advertising. The current research extends this sender 
presence scholarship by examining two explanations for the effects of sender 
presence: sender facial expression, and tie strength between sender and receiver. 
We expect that the effects of sender presence will be stronger for happy- as 
compared to neutral-looking senders, and that these effects are stronger when 
there is a stronger tie between sender and receiver. The current research adopts 
a two-step approach to examine sender presence effects in various levels of 
tie strength. Results show that a happy facial expression significantly increases 
like intention and brand attitude. Moreover, there is a moderating effect of tie 
strength on sender presence for comment intention: stronger levels of tie strength 
result in stronger effects of the presence of the sender. Theoretical and practical 
implications are discussed. 

Keywords: Visual brand-related User Generated Content, tie strength, facial 
expression, social network sites, brand responses
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Introduction
With over one billion monthly active users, visual oriented platform Instagram is 
one of the most popular social network sites (SNSs) of this era (Instagram, 2020; 
Statista, 2019a). Via Instagram, users can easily share their daily activities, meals, 
or latest holiday with their online social network through pictures. The popularity 
of this platform also has consequences for the marketing field, because with the 
increasing popularity of visual-oriented SNSs comes a rising amount of visual 
brand-related User Generated Content (Br-UGC; Omnicore Agency, 2021). Seven 
out of 10 hashtags underneath Instagram posts are brand-related, and 60% of 
Instagram users say that they discover new products on Instagram (Instagram, 
2020; Omnicore Agency, 2021). 

A common way of displaying brand experiences in visual Br-UGC is by 
portraying oneself with the brand (also referred to as brand-related “selfies”; 
Barbro, 2019; Hartmann et al., 2021). Visual Br-UGC featuring the sender is of 
particular interest in marketing research because traditional advertising literature 
indicates that the portrayal of a person together with the product has a positive 
effect on consumers’ brand responses (e.g., Droulers & Adil, 2015; Sajjacholapunt 
& Ball, 2014). However, initial research looking into the role of sender presence in 
SNSs suggests that the effects of sender presence in visual Br-UGC are different 
from the same effects in traditional advertising (Hartmann et al., 2021). 

In line with evolutionary theories and credibility literature (Bradley, 2009; 
Xu, 2014), traditional advertising literature showed that the presence of a person 
in advertising increases attention towards the ad (Droulers & Adil, 2015) and 
positively influences consumers’ brand attitude (i.e., how they feel about a brand) 
and purchase intention (Adil et al., 2018). The presence of a sender in SNSs has 
a positive effect on reactions towards the post, which usually takes the form of 
liking and commenting (Hartmann et al., 2021; Mazloom et al., 2016). However, 
as opposed to traditional advertising, the presence of the sender is not related 
to reactions towards the brand, such as brand attitude and purchase intention 
(Hartmann et al., 2021). Literature points to two prominent explanations for the 
lack of effect on brand attitude and purchase intention, which are both rooted in 
the social character of SNSs (Voorveld et al., 2018): the facial expression of the 
sender and the bond between sender and receiver.

Hartmann and colleagues (2021) theorized that the social character of 
SNSs would make sender presence more influential in SNSs than in traditional 
advertising, because, when browsing SNSs, people pay more attention to other 
people than they do when encountering a traditional advertisement. However, 
the social character of SNSs is associated with two factors that differentiate the 
content displayed on SNSs from traditional advertising. First, the facial expression 
of the sender. As opposed to traditional advertising, consumers do not have an 
interest in selling the product, but rather want to interact with fellow consumers 
or share product experiences (Muntinga et al., 2011). Since these experiences can 
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be both positive and negative (e.g., Herhausen et al., 2019), the facial expression 
of the person in the picture can differ. As a result, there is more variety in the 
facial expressions of consumers in visual BR-UGC compared to what is typically 
found in traditional advertising. The second factor is the bond between sender 
and receiver (i.e., tie strength; Granovetter, 1973). Content on SNSs is often shared 
with the personal network of the sender, which means that the receivers of the 
content share a bond with the sender of the content (Reich et al., 2012). This can 
affect the persuasion process. 

The current research aims to deepen our understanding of sender presence 
effects in visual Br-UGC by examining the effects of facial expression and tie 
strength on consumers’ brand responses. In order to do so, we distinguish 
between responses towards the content (i.e., liking and commenting intention) 
and responses towards the brand (i.e., brand attitude and purchase intention), 
in line with previous research conducted in both traditional advertising and SNSs 
(e.g., Adil et al., 2018; Hartmann et al., 2021)

Theoretical Framework

The Role of Facial Expression in Visual Br-UGC Effectiveness
Facial expression is one of the oldest forms of human communication (Vuilleumier, 
2005). Throughout evolution, people became wired to automatically direct 
attention to other people and instantly read facial expressions (Bradley, 2009; 
Vuillemier, 2005). This attention-grabbing mechanism is beneficial for survival, 
because information read from a facial expression can indicate possible threats 
or pleasures in the environment. Noting these expressions and acting on it can be 
crucial (Vuillemier, 2005; Wilson, 1975). 

Similarly, facial expression has proved itself a powerful tool in the context of 
advertising. Especially happy facial expressions in the form of a smile are effective 
(Berg et al., 2015). Smiling is considered a universal sign of friendliness, and 
subsequently evokes a halo-effect for other positive traits (Lau, 1982). For example, 
smiling individuals are perceived as more attractive, trustworthy, and intelligent 
than neutral looking people, and were found to elicit more feelings of warmth in 
the receiver of the content (Krumhuber et al., 2007; Lau, 1982; O’Doherty et al., 
2003). Moreover, the presence of a smiling sender in advertising has a favorable 
effect on consumers’ brand responses (Berg et al., 2015). 

This favorable effect can be explained via the emotional contagion theory 
(Hatfield et al., 1993), which states that people experience, to a certain extent, the 
emotions of people they observe. In other words: seeing someone who is happy 
makes you feel happy. These feelings of happiness can subsequently influence 
brand outcomes via spillover effects (Howard & Gengler, 2001). According to the 
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spillover effect, feelings that are experienced can be (wrongly) attributed to other 
objects that are around simultaneously. In this way, warm or happy feelings 
that someone might have towards the person displayed in the picture might be 
attributed to the product the person is holding. Kulczynski et al. (2016) introduced 
this effect in the context of advertising as the source expressive display hypothesis, 
by showing that a smiling person in an advertisement makes people that are looking 
at the advertisement experience positive emotions. Subsequently, the people who 
saw the advertisement attribute these positive emotions to the advertisement they 
have just seen, which results in higher brand attitude and purchase intention. 

However, where traditional advertising is designed to communicate positively 
about a product, visual Br-UGC has a different purpose. People portraying 
themselves with a brand want to communicate their experiences to other 
consumers (Presi et al., 2016). Hence, depending on the consumer experience, 
facial expressions could differ more than in traditional advertising. People who 
are happy with a product can indicate their opinion by smiling, but people who are 
not happy with a product might show that by frowning or looking angry. Previous 
research examining sender presence in visual Br-UGC only looked at sender 
presence in general (i.e., present or not present), not considering the variability in 
facial expressions (e.g., Hartmann et al., 2021). Giving that, we will move beyond 
the mere sender presence effect. Following evolutionary theories and previous 
advertising research, we argue that a happy facial expression is crucial for positive 
brand responses. Therefore, our first hypothesis reads:

H1. The presence of a sender with a happy facial expression in visual Br-UGC leads to 
stronger (a) attitude towards the brand, (b) like intention, (c) comment intention, and 
(d) purchase intention than a neutral facial expression in visual Br-UGC.

The Role of Tie Strength in Visual Br-UGC Effectiveness
The second characteristic that differentiates visual Br-UGC from traditional 
advertising is the tie strength between sender and receiver. An important 
characteristic of SNSs as compared to traditional advertising is that content is 
distributed amongst the personal network of the sender. As a result, the people 
who see the content are often people who personally know the sender of the 
content (Reich et al., 2012). When two people know each other, this is referred to 
as a tie (Granovetter, 1973). A tie is the relationship between two individuals. The 
strength of this tie can differ depending on how close the individuals feel, based 
on, amongst others, their emotional bond and how much information they share 
with each other (Granovetter, 1973). 

People who share a tie can influence each other’s attitudes and behavior. 
People are social creatures who often guide their behavior by observing the 
behavior of others (Bandura & Walters, 1977). Especially strong ties are used as 
source of information about how to behave (Brown & Reingen, 1987). This notion 
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also applies to brand-related outcomes such as brand attitude and purchase 
intention. For example, a service recommendation by a strong tie is adopted 
sooner than a recommendation from a weak tie (Koo, 2016). More recently, the 
effect was also established in social media marketing. In a study of Yang and Che 
(2020) consumers were more willing to buy something when they personally 
know the sender of the content. Moreover, even when the sender does not intend 
to influence the receivers of the content, senders can have an influence on the 
attitude and behavior of the content receivers (Sicilia et al., 2020).   

Similarly, the tie strength between sender and receiver is also expected to 
strengthen the effects of sender presence in visual Br-UGC. When seeing a familiar 
face, people immediately retrieve the personal knowledge previously acquired 
about this person, such as traits and intentions (Gobbini & Haxby, 2007). It is likely 
that people have more knowledge about the intentions and character traits of 
people with whom they have a stronger bond than people with whom they have 
a weak tie. Hence, seeing strong ties is expected to activate this knowledge about 
the other. One of the characteristics that likely will be active when thinking about 
strong ties is trustworthiness, as a strong tie between individuals is characterized 
by a mutual feeling of trust (Brown & Reingen, 1987). 

Moreover, the effects of trustworthiness are further enhanced because 
people are less aware of the fact that they are being influenced by content received 
from a strong tie (Van Noort et al., 2012). According to the persuasion knowledge 
model (PKM; Friestad & Wright, 1994), knowledge about persuasion will only be 
activated when people realize they are being influenced. As content received from 
stronger ties elicits less perceived persuasive intent, persuasion knowledge is not 
activated (Zarouali et al., 2018) and subsequently, nor are defense mechanisms 
like ignoring the message or counter-arguing. As a result, the messages from 
stronger ties are considered more trustworthy and have a greater effect on brand 
outcomes (Van Reijmersdal et al., 2010) than messages from weaker ties. 

Moreover, seeing a strong tie often elicits a positive emotional response 
(Gobbini & Haxby, 2007). This effect also seems to hold in social media (Pittman & 
Reich, 2016). For example, Pittman and Reich (2016) showed that the use of visual 
SNSs leads to more happiness than textual SNSs. They explain this effect with the 
ability of pictures to create feelings of intimacy, or the idea that you are talking to a 
real person (Pittman & Reich, 2016; Pittman, 2018). Subsequently, positive feelings 
individuals’ experience when seeing their ties might be transferred to the brand 
via the spillover effect (Howard & Gengler, 2001). 

Finally, processing a familiar face is easier than unknown faces (Claypool et 
al., 2007), which makes the process more fluent (Claypool et al., 2007). More fluent 
stimuli are often liked better (Reber et al., 2004), and these favorable feelings can 
therefore transfer to the brand via spillover effects. As a result, we expect that 
merely seeing a tie (regardless of facial expression) already positively influences 
brand responses: 



78

Chapter 4

H2. The effect of sender presence in visual Br-UGC on (a) attitude towards the brand, 
(b) like intention, (c) comment intention, and (d) purchase intention is moderated by tie 
strength, with stronger effects for stronger tie strength.  

Similar to the presence of the sender, we expect that the effect of the facial 
expression of a person might be influenced by the tie strength between sender 
and receiver. Lin and Utz (2015) examined emotional responses to Facebook 
posts of weak and strong ties. They found that looking at posts from stronger 
ties is related to stronger feelings of happiness than weaker ties. These elevated 
positive feelings are expected to lead to higher spillover effects towards the 
brand. This idea is supported by research examining the source expressive display 
hypothesis, which found higher effects of smiling endorsers when the endorsers 
were familiar to the receiver of the content (Kulczynski et al., 2016). Therefore, the 
third hypothesis reads:

H3. The effect of a happy, compared to neutral, facial expression in visual Br-UGC on (a) 
attitude towards the brand, (b) like intention, (c) comment intention, and (d) purchase 
intention is moderated by tie strength, with stronger effects for stronger tie strength. 

The Mediating Role of Source Credibility 
In examining the effects of sender presence on brand outcomes, source credibility 
is an important factor (Xu, 2014; Ismagilova et al., 2020). Source credibility describes 
the receiver’s perceived believability of the sender (O’Keefe, 1990). The credibility 
of the source proved a significant determinant of eWOM success (Ismagilova et al., 
2016). Wu and Wang (2011) illustrated this by employing an online experiment on 
positive eWOM messages and finding that eWOM messages with a credible source 
generated more brand trust, brand affect, and purchase intention than the same 
messages with low source credibility.

Visual presence of the sender is one of the factors that improves perceived 
credibility (Xu, 2014). For example, Xu (2014) found that product reviews written by 
someone with a profile picture are considered more credible than the same review 
without a profile picture. This effect of sender presence on credibility might be 
explained by people’s ability to accurately judge another person’s trustworthiness 
(Willis & Todorov, 2006). Seeing a face allows people to instantly judge the sincerity 
of that person and these judgements guide human behavior (Van ‘t Wout & Sanfey, 
2008). Other factors that increase the credibility of a source involve similarity 
between sender and receiver, and appeal (Chapple & Cownie, 2017; Hershkovitz 
& Hayat, 2020). Both of those factors are also easier to judge when the sender is 
visually present. Following this theory, we expect that seeing the sender in the 
content will allow the receiver to judge his/her credibility and when the sender is 
considered credible, his/her presence will influence brand responses: 
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H4. Credibility mediates the effect of the presence of the sender in visual Br-UGC on (a) 
attitude towards the brand, (b) like intention, (c) comment intention, and (d) purchase 
intention. 

Moreover, we expect the same results for the effect of a happy facial expression, 
as research repeatedly showed that a happy facial expression can increase 
trustworthiness (Krumhuber et al., 2007; Schmidt et al., 2012):

H5. Credibility mediates the effect of a happy as compared to a neutral facial expression 
in visual Br-UGC on (a) attitude towards the brand, (b) like intention, (c) comment 
intention, and (d) purchase intention. 

To further understand the role of credibility, we also pay attention to the interplay 
between credibility and tie strength. As noted above, source credibility can be 
judged based on a person’s trustworthiness, similarity, and appeal (Chapple & 
Cownie, 2017; Hershkovitz & Hayat, 2020). These factors usually apply more to 
strong ties than to weak ties. Strong ties often share similarities in demographic 
characteristics and attitudes (McPherson et al., 2001). Moreover, strong ties are 
usually characterized by feelings of mutual trust (Granovetter, 1973). As a result, 
it is not surprising that strong ties are in general considered as more credible 
sources than weak ties (Samuel-Azran & Hayat, 2019). 

However, in previous research the difference in credibility of weak and strong 
ties was examined by merely displaying the tie’s name (e.g., Samuel-Azran & Hayat, 
2019; Koo, 2016). No previous research examined the interplay between credibility 
and tie strength when the sender is visually present. We argue that the interplay 
between tie strength and credibility will be different when the sender is visually 
present, because the visual presence allows the receiver to assess the credibility of 
the sender, which is particularly relevant for weak ties (Van ‘t Wout & Sanfey, 2008). 

When there is a strong tie between sender and receiver, there is no need 
to assess the credibility of the sender, because strong ties already know each 
other’s similarities, appeal, and trustworthiness (Gobbini & Haxby, 2007; Brown 
& Reingen, 1987). In other words, the credibility of strong ties is already assessed 
and can be easily retrieved by seeing only the name of the tie (Koo, 2016). Hence, 
the effect of visual presence is expected to be weak when there is a strong tie 
between sender and receiver. For weak ties on the other hand, the effect of sender 
presence is expected to be strong. For weak ties, this knowledge about similarities, 
appeal and trustworthiness may not be present (or to a lesser extent). Hence, 
only seeing the name of a weak tie is not enough to retrieve knowledge about 
their credibility (Gobbini & Haxby, 2007). However, seeing weak ties in a picture 
opens up the possibility to assess their credibility (Xu, 2014; Van ‘t Wout & Sanfey, 
2008). When the sender is visually present, the receiver can judge the sender’s 
trustworthiness, similarity, and appeal. Therefore, we expect that visual presence 
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will be more important for weak ties as compared to strong ties. The sixth and 
seventh hypotheses read:

H6. The effect of sender presence on credibility is moderated by tie strength, with a 
stronger effect of sender presence for weaker tie strength.

H7. The effect of a happy as compared to a neutral facial expression on credibility is 
moderated by tie strength, with a stronger effect of happy facial expression for weaker 
tie strength.

For the full conceptual model see Figure 1. 

Figure 1. Visual Representation of the Hypothesized Model

Method

Design
This study employed a 2 (sender: not present vs. present) x 2 (facial expression: 
neutral vs. happy) between-subjects design. Normally this would result in four 
conditions (2 x 2 = 4). However, in this case there were only three conditions. This 
because, when a person is absent in the image, a neutral or happy expression 
is absent as well. The fourth condition is therefore non-existent. This translates 
into the following three conditions: 1) no sender present, 2) sender present with 
a neutral facial expression, and 3) sender present with a happy facial expression. 
In all conditions, tie strength was measured as a moderator. The Research Ethics 
and Data Management Committee of Tilburg University School of Humanities and 
Digital Sciences approved this research.
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Materials
To establish the stimulus materials, we approached 18 people who volunteered to 
feature in the stimuli. Throughout the sampling procedure, we chose volunteers 
that would mimic the Instagram demographics as much as possible. In line with the 
age distribution on Instagram (Statista, 2019b), all volunteers were between 18 and 
35 years old. Moreover, we ensured variability in gender and physical appearance, 
such as posture and hair color. We expect this variability to cancel out possible 
influence of age, gender, or attractiveness of the sender. To further account for this, 
we added the sender participants saw as control variable in the analyses.  

Every sender was photographed twice, once with a neutral facial expression 
and once with a happy facial expression. A neutral expression condition was 
developed by taking a photo of the sender, with the instruction to look neutral. A 
happy expression condition was developed by taking a photo of the same sender, 
with the instruction to look happy. All volunteers were photographed sitting 
behind a table, holding a product (a donut) in their right hand and a napkin in their 
left hand. The napkin was used to add a non-existing brand name to the picture 
(‘Tasty Donuts’). We chose a non-existing brand to prevent previously formed 
attitudes to interfere with the study. We chose a donut as product because it is 
gender-neutral, liked by most people, and not expensive to buy. After the pictures 
were created, we administered a pre-test to ensure that all pictures conveyed 
the intended facial expressions (i.e., neutral or happy). During the pretest, 20 
participants (Mage = 25.00, SDage = 7.95, 60% women, 40% men) were asked to 
indicate to which extent they saw each of the seven basic emotions (i.e., anger, 
contempt, disgust, fear, happiness, sadness, and surprise; Ekman, 1992) in the 
picture on a nine-point scale ranging from 1 (not at all) to 9 (a lot). A paired sample 
t-test revealed that happy pictures (M = 7.36, SD = 0.89) scored significantly higher 
than neutral pictures (M = 2.45, SD = 1.24) on the emotion happiness (t(19) = 16.33, 
p < .001). Moreover, the scores on the six other emotions were low and below the 
midpoint of the scale (< 3.66) in all conditions. 

Next to the neutral sender and happy sender condition, we created a no 
sender stimulus. This picture only featured a donut, lying on the white napkin. All 
pictures were edited to look like Instagram posts using the online program Zeoob 
(2020). Each post contained the username and profile picture of the volunteer 
(also in the no sender condition). The number of likes and comments the picture 
received was not included in the post in order to prevent these numbers from 
influencing the results (see Figure 2).
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Figure 2. Examples of the Stimuli
Note. Usernames were visible to participants 

Participants
To ensure variability in tie strength, this study employed a two-step approach to 
collect participants. In the first step, we gathered 18 volunteers to feature in the 
stimuli (see Materials). In the second step, we asked these volunteers to distribute 
the survey amongst their own network, via WhatsApp, Facebook, Instagram or 
face-to-face contacts. In order to do so, we provided each volunteering sender 
with a personalized distribution link. The personalized link made sure that the 
sender who distributes the survey is also the sender that will be shown to the 
participants who take the survey, which was necessary to find ties between sender 
and receiver. Because the message was distributed both via social media and via 
face-to-face contact, the open invitation to participate was spread under a large 
group of people who share various levels of tie strength with the sender. Every 
person between 18 and 35 years old (Statista, 2019b) and with an Instagram 
account was welcome to participate in the study. Only people with an Instagram 
account were included in this study because people who have an Instagram 
account have experience with the platform and can thus make a better estimation 
of their engagement behavior. 

A total of 181 participants between 18 and 34 (M = 22.78, SD = 3.05, 71.3% 
women, 28.6% men, 0.6% did not identify with either genders) participated in the 
study. In order of popularity, most of our participants (23.8%) finished a university 
bachelor degree, followed by a university of applied sciences degree (18.8%), and 
a university master degree (15.5%). When asked how much time they spend on 
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Instagram, 27.6% answered less than 30 minutes, 44.2% indicated 30-60 minutes, 
and 22.2% indicated more than 60 minutes per day. Out of these participants, 
58 (Mage = 22.83, SD = 3.29) were assigned to the product only condition, 61 (Mage 
= 22.80, SD = 2.60) to the neutral sender condition, and 62 (Mage = 22.78, SD = 
3.06) to the happy sender condition. A one-way ANOVA was performed to control 
for differences between the conditions. No significant differences were observed 
between conditions for age (F(2,180) = 0.025, p = .975), education level (F(2,180) = 
0.32, p = 0.727), or Instagram usage (F(2,180) = 1.00, p = 0.369).

Procedure
Before the start of the experiment, participants were informed about the study 
and asked for active consent. The information participants received initially 
fully disclosed what participants could expect during the questionnaire without 
specifically mentioning the purpose of the study. Once they agreed to participate, 
participants were randomly assigned to one of the three conditions. The survey 
started by showing the Instagram post. After seeing the post, participants answered 
questions about the dependent variables (e.g., brand attitude; see Measures). 
During the questionnaire, the stimulus stayed on screen, so participants had the 
opportunity to look at the stimulus again. When they finished the questions about 
the stimulus, a second set of questions asked about their attitude toward donuts 
(as control variable) and demographics characteristics. During these questions, the 
stimulus was no longer present. After the experiment, we informed participants 
about the purpose of the study, provided them with contact information of the 
researchers, and thanked them for their participation. They did not receive any 
incentives in return for participation. 

Measures
Like Intention
Like intention was measured by asking participants how likely it is that they would 
like the post, answered on a 7-point scale ranging from 1 (not likely at all) to 7 (very 
likely) (M = 4.24, SD = 2.26).  One item was chosen because research of Konstabel 
et al. (2017) showed that single constructs, such as a specific behavior, could 
be measured just as reliably with a single item as compared to multiple items. 
Moreover, this method is similar to previous engagement research in the context 
of visual social media (e.g., Sicilia et al., 2020). 

Comment Intention 
Similar to like intention, comment intention was measured by asking participants 
how likely it is that they would comment on a post on a scale ranging from 1 (not 
likely at all) to 7 (very likely) (M = 2.29, SD = 1.88). Also for comment intention, one 
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item was chosen based on the research of Konstabel et al (2017).  Moreover, the 
item was in line with previous engagement research (e.g., Sicilia et al., 2020). 

Brand Attitude
Brand attitude was measured with an adapted version of Spears and Singh’s 
(2004) attitude scale, as this scale is widely used in brand attitude research and 
has high correlations with other brand attitude scales (Zarantonello et al., 2016), 
indicating this is not only a widely adopted but also a valid measurement of the 
brand attitude construct. The scale consisted of five differential scales (For a full 
overview see Appendix). Participants were asked to indicate for each item where 
they would place “Tasty Donuts” on a 7-point scale. Factor analysis showed that all 
items loaded on the same factor, with an eigenvalue of 4.09 and a total explained 
variance of 81.7%. Therefore, all five items were used to calculate brand attitude 
(M = 4.47 SD = 1.39, Cronbach’s α = .95).

Purchase Intention
Purchase intention was also assessed with the scale developed by Spears and 
Singh (2004), in line with previous research (e.g., Lee & Lee, 2009). Similar to the 
brand attitude scale, participant were asked to indicate to what extent they have 
the intention to buy products of “Tasty Donuts” by means of a set of five differential 
scales (e.g., I would never buy this product – I would definitely buy this product) 
on a 7-point scale. All items loaded on the same factor, with an eigenvalue of 3.98 
and a total explained variance of 79.7%. All items are used to calculate the mean 
purchase intention (M = 3.35, SD = 1.29, Cronbach’s α = .94). 

Tie Strength 
The measure of tie strength was based on the article of Marsden and Campbell 
(1984), which is often used to study tie strength in the context of communication 
(e.g., Dubois et al., 2016; Petróczi et al., 2007). Participants were asked to indicate 
to which extent they agreed with a set of four statements about the sender of 
the post (e.g., I feel close to this person) on a 5-point Likert scale ranging from 1 
(completely disagree) to 5 (completely agree). All items loaded on the same factor, 
with an eigenvalue of 3.39 and a total explained variance of 84.7% (M = 3.48, SD = 
1.21, Cronbach’s α = .95).

Source Credibility
The source credibility scale was based on West’s 1994 article, in line with previous 
research (e.g., Flanagin & Metzger, 2003). Participants were asked to indicate to what 
extent they agreed with each one of five statements (e.g., this person is believable; 
For a full overview see Appendix) about the sender of the post using a 7-point Likert 
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scale ranging from 1 (completely disagree) to 7 (completely agree). Factor analysis 
showed that all items loaded on the same component, with an eigenvalue of 3.81 
and a total explained variance of 76.2%. All items were therefore used to calculate 
the source credibility score (M = 4.99, SD = 1.35, Cronbach’s α = .92). 

Attitude towards Donuts 
In addition to the outcome variables, attitude towards donuts in general was 
assessed as a control variable, by adopting the attitude scale of Spears and Singh 
(2004), consisting of five differential scales (e.g., Not appealing – Appealing) answered 
on a 7-point scale. The items all loaded on the same factor with an eigenvalue of 
3.22 and a total explained variance of 64.5%. All five items were therefore used to 
calculate the mean donut attitude (M = 4.54, SD = 1.23, Cronbach’s α = .85). 

Results
Before running the analyses, we used the Harman’s one factor test to check for 
common method bias to make sure that the method of data collection did not 
bias our results. To perform this test, we loaded all variables onto one factor. If 
the factor has a total explained variance of above 50%, this indicates problems 
with common method bias. The total explained variance of the factor was 33.8%. 
Therefore, common method bias is not an issue in the current study, and we could 
analyze the data. 

To analyze the data, we use the PROCESS macro (Hayes, 2012) in SPSS 
version 24. The PROCESS macro is a commonly used tool to test mediation effects 
in behavioral science (e.g., Peng et al., 2019). It uses a path analysis framework to 
analyze all proposed mediation and/or moderation effects in one model (Hayes, 
2012). This integrated approach lowers the chance of a type 1 error. Moreover, the 
macro provides 95% bootstrapped confidence intervals (CIs) to assess the validity 
of the results. Bootstrapped CIs are not sensitive to power issues and therefore 
we will rely on both the p-values and bootstrapped CIs when drawing conclusions 
about the hypotheses (Sun et al., 2011). 

We make use of PROCESS model 8, which allows for the testing of the complete 
hypothesized model (see Figure 1). Because we have four dependent variables, we 
ran the analysis four times (once per dependent variable). We chose to do this 
because PROCESS cannot handle multiple dependent variables simultaneously. 
Moreover, since the correlations between the dependent variables were relatively 
low (all correlation below r = .051), we did not want to combine the dependent 
variables, as this would result in a loss of information. To account for the multiple 
testing, we use a Bonferroni correction (Andrade, 2019). This correction divides 
the threshold for the p-value by the number of performed tests. It is an often-used 
correction method to account for multiple testing via PROCESS (e.g., Mérida-López 
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et al., 2019). For this study, we divided the standard threshold of p < .05 by four 
tests, giving us the new threshold of p < .0125.   

Each analysis included the assigned condition as independent variable, 
source credibility as mediator, and tie strength as moderator of the effect. The 
three conditions were Helmert coded, resulting in two dummy variables. The first 
dummy differentiated between sender not present (0) and sender present (1), and 
the second dummy differentiated between sender with a neutral facial expression 
present (0) and sender with a happy facial expression present (1). The variables tie 
strength and credibility were centered to allow for easier interpretation. Finally, 
each model included the attitude towards donuts in general and the sender that 
the participants saw as control variable3. As dependent variable, the models 
included brand attitude (F(8, 172) = 8.92, p <.001, R2 = .29), like intention (F(8,172) = 
18.40, p < .001, R2 = .46), comment intention (F(8, 172) = 10.78, p <.001, R2 = .33), or 
purchase intention (F(8,172) = 5.43, p <.001, R2 = .20), respectively. See Table 1 for 
an overview of the means and standard deviations per condition. 

Table 1. Means and Standard Deviations per Condition for all Dependent Variables 

Brand 
Attitude

Like 
intention

Comment 
intention

Purchase 
intention

M (SD) M (SD) M (SD) M (SD)
No Sender Present 4.35 (1.41)a 3.26 (2.34)a 1.60 (1.41)a 3.33 (1.29)a

Sender Neutral 
Expression

4.03 (1.31)a 4.00 (2.13)a 2.46 (2.05)b 3.09 (1.29)a

Sender Happy 
Expression

5.03 (1.28)b 5.40 (1.79)b 2.77 (1.94)b 3.63 (1.26)a

Note. All variables were measured on a 7-point scale. Different superscripts in a column 
indicate significant differences at p < .05. 

The Role of Facial Expressions in Visual Br-UGC Effectiveness
The first hypothesis predicted a positive effect of the presence of a sender on (a) 
brand attitude, (b) like intention, (c) comment intention, and (d) purchase intention. 
In general, the presence of a sender increased consumers’ like intention and 
comment intention but had no effect on consumers’ brand attitude and purchase 
intention (see Table 2). To analyze the effects of a happy facial expression, we 
looked at the direct effects of a dummy that differentiated between a neutral and 
happy facial expression. Results showed that a happy as compared to a neutral 
facial expression has a positive effect on brand attitude (b = 0.81, p < .001) and 
like intention (b = 1.07, p <.001), but not on comment intention (b = 0.19, p = .522) 

3  Analyses were run with- and without control variables, both analyses did not yield different results in 
terms of significance. Because the attitude towards donuts proved a significant predictor, analyses with 
the control variables are reported.
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and purchase intention (b = 0.35, p = .107). Therefore, hypothesis 1a and 1b are 
accepted (see Table 2). 

The Role of Tie Strength in Visual Br-UGC Eff ectiveness
When looking at the direct eff ect of tie strength, both like intention (b = 0.68, p 
< .001) and comment intention (b = 0.69, p < .001) are positively infl uenced by 
the strength of tie by sender and receiver. However, brand attitude and purchase 
intention are not (see Table 2). The second and third hypotheses predicted an 
interaction eff ect between tie strength and sender presence (hypothesis 2), and 
tie strength and the facial expression of the sender (hypothesis 3). To analyze the 
moderating eff ect of tie strength, the interaction eff ects between the presence of 
the sender and tie strength and between the facial expression and tie strength are 
examined. No signifi cant interaction between the presence of the sender and tie 
strength was found for brand attitude (b = -0.22, p = .159), like intention (b = -0.09, 
p = .677), or purchase intention (b = -0.20, p = .194). Therefore, hypotheses 2a, 2b 
and 2d are rejected. For comment intention, however, the interaction eff ect was 
signifi cant (b = 0.51, p = .011), indicating that presence of a sender has a stronger 
eff ect on comment intention for higher levels of tie strength (See Figure 3 and 
Table 2). Hypothesis 2c was therefore accepted. 

Figure 3. The Eff ects of Sender Presence on Comment Intention 
Note. Lines indicate weak (16th percentile), medium (50th percentile), and strong (84th percentile) 
ties.
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Table 2. Results of the Moderated Mediation Models  

Model (DV) Predictors b SE t 95% CI
Mediation (Credibility) Intercept 4.20*** 0.41 10.22 3.39, 5.00

Sender Presence (SP) -0.031 0.17 -0.17 -0.38, 0.31

Facial Expression (FE) 0.31 0.20 1.54 -0.087, 0.71

Tie Strength 0.61*** 0.070 8.68 0.47, 0.75

SP X Tie Strength 0.046 0.14 0.33 -0.23, 0.32

FE X Tie Strength -0.20 0.18 -1.10 -0.55, 0.16

Attitude towards 
Donuts

0.21** 0.070 3.00 0.071, 0.35

Volunteering Sender -0.015 0.017 -0.87 -0.048, 0.019

Direct Model 1 (Brand 
attitude)

Intercept 1.52** 0.57 2.67 0.40, 2.63

Sender Presence (SP) 0.055 0.19 0.28 -0.32, 0.44

Facial Expression (FE) 0.81*** 0.22 3.66 0.37, 1.24

Credibility 0.34*** 0.083 4.13 0.18, 0.51

Tie Strength -0.028 0.092 -0.30 -0.21, 0.15

SP X Tie Strength -0.22 0.15 -1.41 -0.51, 0.085

FE X Tie Strength -0.31 0.20 -1.57 -0.70, 0.079 

Attitude towards 
Donuts

0.27*** 0.078 3.50 0.12, 0.43

Volunteering Sender 0.001 0.018 0.031 -0.036, 0.037

Direct Model 2 (Like 
intention)

Intercept 0.98 0.80 1.22 -0.61, 2.57

Sender Presence (SP) 1.10*** 0.27 4.02 0.56, 1.64

Facial Expression (FE) 1.07*** 0.31 3.44 0.46, 1.69

Credibility 0.34** 0.12 2.91 0.11, 0.57

Tie Strength 0.68*** 0.13 5.24 0.42, 0.94

SP X Tie Strength -0.090 0.22 -0.42 -0.51, 0.59

FE X Tie Strength 0.039 0.28 0.14 -0.51, 0.59

Attitude towards 
Donuts

0.35** 0.11 3.17 -0.058, 0.045

Volunteering Sender -0.006 0.026 -0.24 -0.058, 0.045
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Model (DV) Predictors b SE t 95% CI
Direct Model 3 
(Comment intention)

Intercept 1.96** 0.74 2.64 0.49, 3.43

Sender Presence (SP) 0.79** 0.25 3.11 0.29, 1.29

Facial Expression (FE) 0.19 0.29 0.64 -0.38, 0.76

Credibility -0.001 0.11 0.091 -0,22, 0.20

Tie Strength 0.69*** 0.12 5.71 0.45, 0.92

SP X Tie Strength 0.51* 0.20 2.56 0.12, 0.90

FE X Tie Strength -0.087 0.26 -0.34 -0.60, 0.42

Attitude towards 
Donuts

0.22* 0.10 2.16 0.019,0.42

Volunteering Sender -0.059* 0.024 -2.44 -0.11, -0.011

Direct Model 4 (Purchase 
intention)

Intercept 0.71 0.56 1.28 -0.39, 1.82

Sender Presence (SP) -0.079 0.19 -0.42 -0.46, 0.30

Facial Expression (FE) 0.35 0.22 1.63 -0.076, 0.78

Credibility 0.28*** 0.082 3.37 0.11, 0.44

Tie Strength -0.029 0.091 -0.31 -0.21, 0.15

SP X Tie Strength -0.20 0.15 -1.30 -0.49, 0.10

FE X Tie Strength -0.11 0.19 -0.59 -0.50, 0.27

Attitude towards 
Donuts

0.27*** 0.077 3.50 0.12, 0.42

Volunteering Sender 0.003 0.018 0.17 -0.033, 0.039

Note. Significance levels indicated with * p < .05, ** p <.01, *** p < .001

With regard to facial expressions, no significant interaction effect was observed 
between the presence of a happy facial expression and tie strength for brand 
attitude (b = -0.31, p = .118), like intention (b = 0.04, p = .889), comment intention (b 
= -.09, p = .737), nor purchase intention (b = -0.11, p = .557); therefore hypotheses 
3a through 3d are rejected.

To assess the added value of tie strength as moderator we also examine the 
effects of the interaction terms on R-squared. The addition of tie strength does 
not lead to a significant improvement of R-squared for brand attitude (R2-change 
= .019, F(2, 172) = 2.26, p = .108), like intention (R2-change = .006, F(2, 172) = 0.097, 
p = .908), or purchase intention (R2-change = .010, F(2, 172) = 1.03, p = .359). Only 
for comment intention the addition of tie strength as moderating variable led to a 
slight increase in R-squared (R2-change = .026, F(2, 172) = 3.32, p = .038). However, 
we consider this increase not significant as we use p < .0125 as cut-off point, 
because of the Bonferroni correction. In conclusion, tie strength as moderator of 
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the direct effect of sender presence and facial expression does not increase the 
explained variance of the model. 

The Mediating Role of Source Credibility 
Next, we analyze the mediating role of source credibility on the effect of the 
presence of the sender (hypothesis 4) and the facial expression of the sender 
(hypothesis 5). The overall model with credibility was significant (R2 = .36, F(7,173) 
= 13.90, p < .001). In order to examine the mediation effect, we look at the direct 
effects of sender presence and facial expression on credibility (path a) and of 
credibility on the outcome variables (path b). The results showed that there was 
no significant effect of condition on credibility (path a, see Table 2), but there were 
significant effects of credibility on brand attitude (b = 0.34, p < .001), like intention 
(b = 0.34, p = .004), and purchase intention (b = 0.28, p < .001). For comment 
intention, there is no significant effect of credibility (b = -0.001, p = .928). Because 
there was no significant effect of the conditions on credibility, the hypotheses that 
source credibility mediated the effect of the presence of the sender (hypothesis 4) 
or the facial expression of the sender (hypothesis 5) are rejected. 

Finally, the negative moderation of tie strength was examined for the 
effect of sender presence (hypothesis 6) and facial expression (hypothesis 7) on 
credibility. There was no moderating effect of tie strength on credibility for sender 
presence (b = 0.046, p = .743), nor for the facial expression of the sender (b = -0.20, 
p = .274). Adding these interaction terms did not lead to a significant improvement 
of the model (R2-change = .005, F(2,173) =0.65, p = .521). The sixth and seventh 
hypotheses, predicting that the effects of sender presence and facial expression 
of the sender on credibility would be weaker for higher levels of tie strength, are 
thus not confirmed. 

Discussion

The Role of Facial Expression in Visual Br-UGC Effectiveness
The first research aim of this study was to examine how facial expression 
influences the effects of sender presence in visual Br-UGC on brand responses. 
Results showed that a happy facial expression leads to significantly higher like 
intention and brand attitude than a neutral facial expression. These findings 
complement previous research examining person presence in visual Br-UGC 
(e.g., Hartmann et al., 2021). Research on traditional advertising identified person 
presence as significant predictor of advertising success (e.g., Droulers & Adil, 2015). 
However, this notion, backed up by evolutionary theories (e.g., Bradley, 2009), was 
not previously found in visual Br-UGC on SNSs (e.g., Hartmann et al., 2021). For 
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example, Hartmann and colleagues found a positive effect of person presence 
on like and comment behavior, but these do not translate to brand attitude. They 
explain this finding by the social character of Instagram, which makes people so 
focused on other people that they forget about the brand that is portrayed in the 
picture. The results of our study give rise to a second explanation, namely the 
crucial role of facial expression. Maybe seeing a sender in a picture is not enough 
to be convinced of the brand the sender displays in the post. When the sender is 
looking neutral, the content of the post does not give a clue about the sender’s 
attitude towards the brand. As a result, seeing someone with a neutral expression 
holding a product from a specific brand does not provide enough information to 
judge the brand. Seeing someone with a happy facial expression, though, can be 
an indication of the sender’s positive attitude towards the brand (Hatfield et al., 
1993). The fact that we did find an effect on brand attitude for happy compared to 
neutral senders is in line with this idea. 

A happy facial expression on a sender appears to increase consumers’ brand 
attitude and like intention, but has no effect on consumers’ comment intention 
and purchase intention. These findings indicate a split between affective and 
cognitive responses. Seeing a smiling sender elicits positive feelings towards the 
post, which are easily expressed by clicking the “like-button”. Moreover, in line 
with the spillover effect (Howard & Gengler, 2001), these positive feelings towards 
the post are attributed to the brand as well. However, the smiling sender does 
not induce cognitive responses in the form of comment or purchase intention. 
An explanation might be that comment and purchase intention, demand more 
cognitive effort. To decide whether one wants to purchase a product of a brand is 
more cognitively demanding than merely deciding whether one likes a brand or 
not. In a similar vein, commenting is a more active behavior than liking (Antheunis 
et al., 2016), because commenting involves deciding what to comment and 
actually typing the comment, which takes considerably more time than clicking 
one button to indicate engagement with the content. To perform these cognitive-
heavy behaviors, a consumer might need more than just a smiling sender.

The Role of Tie Strength in Visual Br-UGC Effectiveness
The second factor that was examined in the present research involves the tie 
strength between sender and receiver. Contrary to our expectations, we did not 
find a moderating effect of tie strength on sender presence for like intention, brand 
attitude, or purchase intention. For commenting intention, on the other hand, we 
did find the expected interaction effect: a stronger effect of sender presence for 
higher levels of tie strength. The fact that we only found the moderating effect for 
comment intention might also be explained via cognitive effort. Liking a post takes 
only little effort; therefore it is an easy behavior to perform when seeing a nice 
picture, regardless of the tie between sender and receiver. Commenting, on the 
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other hand, is harder to perform, as it takes more effort. Therefore, receivers will 
be more reluctant to comment, and only engage in this behavior when they feel 
it is worth the effort, for example because the sender is someone close to them. 
When seeing the sender in the picture, the tie becomes more salient, causing 
receivers to be more aware of the sender, and, as a result, more willing to engage 
by posting a comment. The explanation as to why this interaction did not occur 
for facial expression might lie in the nature of commenting behavior. Commenting 
allows for more variation in responses than liking. When hitting the like button, it 
always conveys a positive emotion, whereas commenting can also be used for less 
positive emotions or emotionally neutral comments.

Moreover, it is noticeable that there was no moderating effect of tie strength 
for brand attitude and purchase intention. Results seem to suggest that even for 
stronger ties, the presence of the sender has no effect on what they think about 
the portrayed brand, nor whether they would like to buy it or not. The same holds 
for the effects of facial expression (i.e. happy compared to neutral). No moderating 
effect of tie strength was observed for any of the brand responses. To gain more 
insight into these surprising results, we took a closer look at the conditional effects 
of sender presence and facial expression on brand outcomes at different levels 
of tie strength. Results showed that the conditional direct effect of a happy facial 
expression on brand attitude is significant for weak (16th percentile; b = 1.27, p 
= .001) and medium (50th percentile; b = 0.72, p = .002) ties. For strong ties (b = 
0.34, p = .350), no significant differences are found between a happy and neutral 
facial expression. This suggests that facial expression might positively affect brand 
outcomes, but only for weaker ties. 

The Mediating Effect of Source Credibility
Finally, we examined the mediating effect of source credibility. Following existing 
literature on person presence and credibility, we had expected that both the 
presence of a person and the facial expression of a person would increase 
credibility, which in turn would lead to stronger brand responses. Moreover, 
contrary to the other expected interaction effects, we had expected the effect of 
person presence on credibility to be stronger for weaker levels of tie strength. 
Results did not show a mediation effect of credibility for person presence, nor for 
the facial expression of the person. The moderating effect of tie strength was not 
significant either. We have two possible explanations for these findings. The first 
possibility is that credibility in general was relatively strong (M = 4.99, SD = 1.35 
on a 7-point scale). This suggests a ceiling effect might have occurred. A possible 
reason for the high levels of credibility may be that there are relatively more 
medium to strong ties in the sample, as the mean tie strength is slightly above the 
middle of the scale (M = 3.49 on a 5-point scale). A second possible explanation is 
that all conditions (including the no sender condition) gave enough information 
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about the sender of the content, as every stimulus included the sender’s username 
and profile picture. As consumers were able to judge the credibility of the sender 
based on this information, further portrayal of the sender in the picture might 
have had less of an effect.  

Even though no mediation effect of source credibility was found, the 
direct effect of credibility on the outcome measures was significant for all brand 
responses except comment intention. Apparently, considering someone credible 
or not does have an influence on consumers’ like intention, brand attitude, and 
purchase intention, but no effect on the intention to comment on the content. 
This can also be explained with the variability of reactions that can be expressed 
through commenting, such as positive, neutral, or negative comments.

Limitations and Future Research
A limitation of the current study involves the data collection procedure. We asked 
the volunteering senders to spread the survey within their own networks through 
an open invitation, not targeted to specific people. This method ensured that the 
message was received by a large part of the social network of the sender. On the 
other hand, it may be that a specific subset of the social network, for example strong 
ties, are more inclined to respond to the message than weaker ties, which could have 
influenced the sample. In future research, it may be preferable to invite participants 
individually. This would give us more control over the distribution of tie strength, 
and would also allow for better assessment of possible non-response problems. 

Results suggest that seeing a happy sender in visual Br-UGC has a positive 
effect on consumer’s liking intention and brand attitude. In future research, it 
would be interesting to further explore this finding by analyzing Instagram posts 
overall instead of merely focusing on the picture. We argued that the presence 
of a happy facial expression is important because it allows the receiver of the 
content to derive information about the product from the facial expression of the 
sender. To examine this, the stimulus material of the current study consisted of 
an Instagram post without any accompanying text. In real-life, Instagram pictures 
are often combined with a short text (“caption”) or hashtags. The content of this 
text and the combination of picture and text could potentially give more insight 
into the effects of sender presence on brand responses. For example, maybe the 
presence of a smile becomes less important when there is a very positive text 
underneath the picture. 

Finally, it is worth noting that most of the interaction effects with tie strength 
were not significant. Though the factors that were the point of interest in this 
study were based on a vast amount of literature, it might be that there are factors 
influencing the effects of tie strength and facial expression that were not included 
in the current model. An example of such a factor could be individual differences. 
Research from Wang et al. (2012) showed that the effect of UGC in general is 
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weaker when the receiver of the content has a high need for uniqueness. Maybe 
that is also true for the specific effects of tie strength and facial expression. 

To fully grasp the effects of tie strength and facial expression on visual Br-
UGC effectiveness, this research can also be extended to other brands and product 
categories. The topic of this research was a donut, which can be considered a low 
involvement hedonic product according to the Foote, Cone and Belding grid (FCB-
grid; Ratchford, 1987). Following the elaboration likelihood model (ELM; Petty & 
Cacioppo, 1986), the effects of a simple hedonic cue such as a smiling sender, can 
be different for different levels of involvement. Hence, it might be that the effects 
found in the current paper would be different for products of other involvement 
levels, such as headphones. 

Conclusions
 The current study introduced two factors that can explain the effects of sender 
presence in visual Br-UGC. Specifically, we examined how the facial expression 
of the sender (i.e., neutral or smiling) and the tie strength between sender and 
receiver influences consumers’ responses towards the post (i.e., like and comment 
intention), brand (i.e., brand attitude), and product (i.e., purchase intention). 
Results show that a happy facial expression can increase a receiver’s like intention 
and brand attitude. Moreover, a higher tie strength increases the effects of sender 
presence on comment intention. 

Theoretical and Practical Implications
The current research has several important theoretical and practical implications. 
This research examined the role of facial expression and tie strength between 
sender and receiver in effectiveness of visual Br-UGC with the sender in it. 
Results showed that a happy sender leads to higher attitude towards the brand 
than a neutral-looking sender. This means that the mere presence of a sender 
in a picture does not necessarily help to increase brand responses, but rather 
displaying a happy facial expression is what is crucial to achieve this effect. Where 
previous research seems to suggest that sender presence does not have the 
same effect on brand attitude in SNSs as it does in traditional advertising (e.g., 
Hartmann et al., 2021), the current study does find support for similar underlying 
mechanisms. Similar to findings in traditional advertising (Berg et al., 2015) the 
current study finds a positive effect of happy compared to neutral senders. This 
critical function of the positive facial expression might also explain why Hartmann 
et al. (2021), when looking at person presence in general, did not find these effects. 
In conclusion, the current research seems to indicate that theories that apply to 
traditional advertising research, such as the emotion contagion theory, might also 
hold up in visual Br-UGC spread through SNSs.
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Another theoretical implication involves the extension of tie strength research 
to visual Br-UGC. Previous research on tie strength already established that 
knowing that a message comes from a strong tie can benefit advertising outcomes 
(e.g., Van Noort et al., 2012). The current research extends this knowledge by 
focusing on the effects of tie strength when the sender is visually present in the 
picture. Results show that the effect of sender presence was stronger for stronger 
ties, but only with regard to comment intention. This means that seeing a tie in the 
picture has weaker effects on brand responses than expected. Merely knowing 
that a tie sent the message seems to be enough for the tie strength effects to 
occur, and thus seeing this tie does not strengthen the effect. Because the effect 
of sender presence is less strong than expected, this research also serves as a 
stimulus for future research examining tie strength effects in visual Br-UGC. The 
findings indicate that the effects of tie strength on sender presence in visual Br-
UGC are different than what could be expected based on the literature. Given the 
growing importance of visual Br-UGC it is crucial to know if and how tie strength 
affects visual Br-UGC outcomes. Future research in this area can build upon the 
framework presented in the current study. 

Our findings also bring along practical implications for marketers. This 
study emphasizes the importance of a happy facial expressions in visual Br-UGC. 
When the goal of a campaign is to generate more favorable brand attitudes, it is 
important that the content features the sender with a happy facial expression, 
especially when low levels of tie strength exist between the sender and receiver of 
the content. A possible option for marketers that want to stimulate the creation 
of visual Br-UGC that positively affects consumer’s brand responses is the use 
of a UGC-campaign. Following the findings of the current research, the content 
would be most useful if marketers ask consumers to take a picture of someone 
(themselves or a friend) with the product and share the picture in their own 
network to optimize both liking and commenting. Moreover, it is important that 
the created content contains happy faces. In order to increase the chance on a 
happy face, marketers can attach a specific assignment to the contest that is fun to 
do, like doing a dance or trying out a stunt. This may help to ensure smiling faces 
of consumers in visual Br-UGC. 
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Appendix

Overview of the Items Used to Measure the Constructs

Scale Measurement4 
Like intention How likely is it that you would like this Instagram post? 

(1 = very unlikely, 7 = very likely)

Comment intention How likely is it that you would comment on this Instagram 
post? 
(1 = very unlikely, 7 = very likely)

Brand attitude (adapted 
from Spears & Singh, 
2004)

Please indicate to which extent you think the following words 
fit “Tasty Donuts”:
(7-point differential scale)

Negative – Positive
Unpleasant – Pleasant 
Bad – Good 
Unfavorable – Favorable 
Unlikable – Likable 

Purchase intention (Based 
on Spears & Singh, 2004)

Please indicate to which extent you intend to buy products 
from “Tasty Donuts”:
(7-point differential scale)

Never – Soon 
I definitely not intend to buy this – I definitely intend to buy this 
I have low interest in buying this – I have high interest in buying 
this
I will definitely not buy this – I will definitely buy this 
I will probably not buy this – I will probably buy this 

Tie strength (Based on 
Marsden & Campbell, 
1984)

Please indicate to which extent you agree with the following 
statements about the sender of the post:
(1 = completely disagree, 5 = completely agree)

I am close to this person
This person is important to me
If I have a personal problem, I would ask this person for help
I trust this person

Attitude towards donuts 
(Based on Spears & Sing, 
2004)

Please indicate to which extent you think the following words 
fit donuts in general:
(7-point differential scale)

Negative – Positive
Unpleasant – Pleasant 
Bad – Good 
Unfavorable – Favorable 
Unlikable – Likable

4  All scales were translated to Dutch via the translation - back translation procedure to ensure reliability 
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Scale Measurement4 
Source credibility (Based 
on West, 1994)

What do you think about the sender of the Instagram post? 
This person. …:
(1 = completely disagree, 7 = completely agree)

Is believable
Is unbiased
Tells the whole story
Can be trusted
Is accurate

Attitude towards donuts 
(Based on Spears & Sing, 
2004)

Please indicate to which extent you think the following words 
fit donuts in general:
(7-point differential scale)

Negative – Positive
Unpleasant – Pleasant 
Bad – Good 
Unfavorable – Favorable 
Unlikable – Likable
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Abstract
With the increasing popularity of visual-oriented social media platforms, the 
prevalence of visual brand-related User Generated Content (UGC) increases. 
Monitoring such content is important as this visual brand-related UGC can have 
a large influence on a brand’s image and hence provides useful opportunities to 
observe brand performance (e.g., monitoring trends and consumer segments). 
The current research discusses the application of computer vision for marketing 
practitioners and researchers and examines the usability of three different pre-
trained ready-to-use computer vision models (i.e., YOLOV2, Google Cloud Vision, 
and Clarifai) to analyze visual brand-related UGC automatically. A 3-step approach 
was adopted in which 1) a database of 21,738 Instagram pictures related to 24 
different brands was constructed, 2) the images were processed by the three 
different computer vision models, and 3) a label evaluation procedure was 
conducted with a sample of the labels (object names) outputted by the models. 
The results of the label evaluation procedure are quantitatively assessed and 
complemented with four concrete examples of how the output of computer vision 
can be used to analyze visual brand-related UGC. Results show that computer 
vision can yield various marketing insights. Moreover, we found that the three 
tested computer vision models differ in applicability. Google Cloud Vision is more 
accurate in object detection, whereas Clarifai provides more useful labels to 
interpret the portrayal of a brand. YOLOV2 did not prove to be useful to analyze 
visual brand-related UGC. Results and implications of the findings for marketers 
and marketing scholars will be discussed. 

Keywords: Visual brand-related UGC, computer vision, pre-trained computer 
vision, image mining, automated content analysis
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Introduction
Image-oriented social media platforms such as Instagram or Pinterest quickly gain 
in popularity, with 35% of the adults and 72% of the adolescents in the United 
States using Instagram in 2018 (Pew Research Center 2018a; Pew Research Center 
2018b). Via these platforms, consumers not only share important moments in life, 
but also share experiences with their favorite products and/or brands (Chari et al., 
2016). This is called visual brand-related User Generated Content (UGC; Muntinga 
et al., 2011). Consumers have always been sharing experiences with brands either 
offline or online (Ismagilova et al., 2016). However, with the rise of social media, 
the impact of this phenomenon has increased tremendously. As it became easier 
to create brand-related content and distribute it to a large audience, consumers 
have become active branding agents (Hennig-Thurau et al., 2013). 

The portrayal of a brand by consumers can seriously affect a brand’s 
performance, both positively and negatively (Erkan & Evans, 2016; Gensler et 
al., 2013). Consumers can produce brand-related UGC to declare their love for a 
brand, but also to openly complain when a brand does not meet their expectations 
(Gensler et al., 2013). Moreover, brand-related UGC can provide brands with an 
opportunity to learn more about their consumers. Analyzing this content can for 
example give insights into who is using their product and when they are using it 
(Fan & Gordon, 2014). This can be both valuable information to improve customer 
segmentation, and hence advertisement targeting, as well as the stepping stone 
towards the creation of new products inspired by the needs of the target group 
(Fan & Gordon, 2014; Vilnai-Yavetz & Tifferet, 2015). 

As the amount and diversity of visual brand-related UGC increases, the 
interest in automatic coding, as opposed to the now usual manual coding (e.g., 
De Vries et al., 2012; Hollenbeck & Kaikati, 2012), grows. Computer vision seems 
a promising tool to automatically analyze the content of visual brand-related UGC 
(Cheng et al., 2017). With computer vision, images are automatically analyzed and 
classified in terms of their contents (i.e., object classification or scene classification: 
LeCun et al., 2015). Because of its automatic character, computer vision allows 
for the identification of many content characteristics (e.g., objects, color, or brand 
logos; Bakhshi & Gilbert, 2015; Bianco et al., 2017) in a large and diverse set of 
images, within a short period of time. Computer vision models develop fast and 
are nowadays already able to detect thousands of objects with accuracy rates of 
up to 97% (Szegedey et al., 2017). 

In principle, such powerful computer vision algorithms could support the 
analysis of visual brand-related UGC for marketers and scholars. Unfortunately, 
the use of computer vision as a tool in marketing research is not straightforward. 
Most marketing researchers do not have enough data or computational resources 
at their disposal to develop or train a computer vision model, and are hence 
dependent on one of the so-called pre-trained models made available by scientists 
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(e.g., YOLOV2: Redmon & Farhadi, 2017) or commercial organizations (e.g., Clarifai, 
2022a; Google Cloud, 2022). The application of these ready-to-use models to 
analyze visual brand-related UGC brings along several challenges. 

These pre-trained computer vision models are typically not trained on 
brand-related UGC, but on images of everyday objects and scenes. As a result, the 
output of these models consists of labels that describe the content of the picture, 
unrelated to common marketing outcomes, such as attitude or brand image. Up 
until this point it is unknown if computer vision models can be used in a marketing 
context. Additionally, models that are not trained on visual brand-related UGC 
might not be accurate in analyzing this content as the training images determine 
what objects can be recognized by a model (Lin et al., 2014). Brand-related UGC 
differs from any other content as it often contains objects that are only partly 
visible or very unclear as opposed to staged images that have one clear subject. 
Moreover, the representation of different brands results in a large diversity of 
content and hence many different types of objects to be detected (e.g., a coffee 
brand might be displayed on a sunny terrace and a shoe brand in a wild forest). As 
a result, in order to start using computer vision in a marketing context, it is crucial 
to know whether pre-trained models are accurate when applied to visual brand-
related UGC and if the output of computer vision models can result in relevant 
marketing insights. 

Therefore, the aim of this paper is to examine the suitability of computer 
vision in general, as well as the performance of individual pre-trained models to 
analyze visual brand-related UGC. In order to do so, the accuracy of the output 
labels is tested via a label evaluation procedure and is complemented with 
concrete examples of how to use computer vision in a marketing context. The 
findings 1) provide methodological insights into the use of computer vision models 
in a marketing context, 2) provide a stepping stone for the use of these models in 
future research, 3) add to computer vision comparisons in the computer science 
domain by taking visual brand-related UGC as subject of analysis, and providing 
insights into how the models behave and perform with visual brand-related UGC 
instead of merely staged images that are used in previous studies (e.g., Szegedey 
et al., 2017), and 4) allow us to examine whether and how marketers can use these 
pre-trained models to monitor the performances of their brands.

Theoretical Framework

The Growth and Importance of Visual Brand-related UGC
The rise of smartphones and global mobile data infrastructure enables consumers 
to create brand-related UGC anywhere, anytime (Serrano & Ramjaun, 2018). Not 
only the creation of brand-related UGC is now easier than ever before, also the 
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distribution of such content through large mobile networks has become effortless 
(Kaplan & Haenlein, 2010). 

The increasing amount of brand-related UGC is not without effect (Erkan & 
Evans, 2016). As opposed to Marketer Generated Content (MGC), UGC is considered 
more trustworthy (e.g., Chu & Kim, 2011). As a result, exposure to brand-related UGC 
can change consumers’ brand attitudes and, consequently, buying behavior (Erkan 
& Evans, 2016). These effects might be even larger for visual brand-related UGC as 
visual content is quicker in drawing attention and is often remembered better than 
textual content (Chau et al., 2000; Hérnandez-Méndez & Muñoz-Leiva, 2015). 

Therefore, especially the impact of visual brand-related UGC urges insights 
into its content. By analyzing the large amount of brand-related UGC marketers 
have the opportunity to learn about consumers’ brand experiences. As a result, 
visual brand-related UGC can give important insights into how consumers see 
their brand and identify important moments of use. These insights can in turn 
help to target advertisements more specifically to people who are interested in a 
brand, leading to more effective marketing strategies (e.g., McDonald & Dunbar, 
2012). Previous research already showed that it is possible to identify different 
consumer groups based on Facebook profile pictures (Vilnai-Yavetz & Tifferet, 
2015). As a result, it might also be possible to use visual brand-related UGC to 
segment consumer groups. However, because there is so much visual brand-
related UGC, monitoring can be time consuming. Computer vision might therefore 
be an interesting option to automatically analyze visual brand-related UGC. 

Computer Vision to Analyze Visual Brand-related UGC
Unlike what the name suggests, computer vision models cannot actually see the 
content of an image (Marr, 1982). Instead, such models make use of mathematical 
algorithms to deduce what content is shown (Szeliski, 2011). In order for a model 
to recognize an object, it has to be trained on an extensive dataset of labeled 
examples. Training a model is done by feeding the model a bulk of example 
images (e.g., an image of a dog) and associated labels (i.e., dog). During training, 
the model adapts millions of parameters that define the multi-layer mapping 
from image to label (LeCun et al., 2015). Depending on the training procedure 
and example images, computer vision models can be trained for many different 
tasks, for example recognizing the style of a specific artist or faces of celebrities in 
a picture (Guo et al., 2016; Van Noord et al., 2015). 

In the field of visual brand-related UGC some first steps have been taken 
with the use of computer vision, resulting in practical implications for marketing. 
Liu et al. (2020) trained a computer vision model to analyze brand image portrayal 
on Instagram. The model analyzes Instagram pictures that are associated with a 
particular brand (by means of a hashtag) and derives overall impressions that are 
conveyed about a brand, such as ‘rugged’ or ‘romantic.’ In a similar vein, Tous and 
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colleagues (2018) built a model that can curate the visual identity of a brand. They 
use a two-factor approach. In the first stage, concrete objects in the images are 
recognized (e.g., car). In the second stage, the model compares the content of the 
image with images that are representative for a brand, to identify which images 
are suitable for marketing outcomes (Tous et al., 2018). 

These first promising attempts involve the training of models, which prevents 
computer vision from becoming widely available for marketing researchers and 
practitioners. The process of model training is cumbersome and time consuming 
and marketing researchers are usually not familiar with training such a model and 
lack the resources for doing so. Therefore this study examines the applicability of 
pre-trained computer vision models.  

Pre-trained Computer Vision Models to Analyze Visual Brand-
related UGC
Computer vision models that are already trained on a large dataset of labeled 
examples are called pre-trained models. Such models do not require training 
and can be directly applied to novel images, provided that these images are 
representative for the distribution of images the model was originally trained 
on. Pre-trained models are ready to use for everyone, without requiring detailed 
knowledge of the underlying mechanisms. The model is not flexible and hence 
outputs the same labels regardless of who uses the system. Multiple pre-trained 
models have been released in recent years, both by scientists as well as commercial 
organizations. Though the exact training procedure differs for every model, the 
problems with regard to the analysis of visual brand-related UGC outlined above 
apply to all pre-trained computer vision models. Therefore, the current research 
focuses on a representative subset of computer vision models. 

The current research considers one freely available model called YOLOV2 
(Redmon & Farhadi, 2017) and two commercial models: Clarifai (Clarifai, 2022a) 
and Google Cloud Vision (Google Cloud, 2022). We include both freely available 
and commercial models because they each have their own benefit. Freely 
available models are more transparent in the used algorithm and training data. 
Commercial models on the other hand, can often distinguish between more labels 
which might be beneficial to get a more comprehensive idea of the content of the 
image. The YOLOV2 model was chosen because it makes use of a unique data 
analysis architecture and manages to reach very high accuracy levels (Redmon & 
Farhadi, 2017). Google Cloud Vision and Clarifai were chosen, because they have a 
large variety of labels. All three models are widely used in scientific research (e.g., 
Aker & Kalkan, 2017; Jaakonmäki et al., 2017; Mazloom et al., 2016).
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YOLOV2 
The You Only Look Once model version 2 (YOLOV2: Redmon & Farhadi, 2017) was 
first released in 2016 and is characterized by its ability to analyze the whole image 
by using one single convolutional network (Redmon et al., 2016). The model was 
trained on the MS COCO dataset (Lin et al., 2014). A dataset of 200,000 labeled 
images of 80 different objects, photographed in context (e.g., a bike on the road). 
The YOLOV2-model can recognize these 80 objects with accuracy levels of up to 
95%. Previous research applied this model to detect drones in the air (Aker & 
Kalkman, 2017)

Google Cloud Vision
Google Cloud Vision was released in 2016 as part of the Google Cloud Platform 
and offers multiple models to analyze images (Google Cloud, 2022). Apart from 
the general label detection model, they offer -amongst others- models to detect 
explicit content, logos, and faces. It is also possible to find images similar to the 
ones entered, by using Google Search (Google Cloud, 2022). Google Cloud claims 
that the platform can differentiate between thousands of different labels (Google 
Cloud, 2022), however the exact list of labels is not publicly available. Also, the 
training algorithm and training images have not been revealed. Nevertheless, 
various researchers have made use of Google Cloud Vision. For example, Ferweda 
and Tkalcic (2018) used Google Cloud Vision to relate content characteristics of 
Instagram pictures to personality traits of the post-owner and Mazloom and 
colleagues (2016) identified content characteristics, such as the presence of a 
brand or person that could predict the popularity of Instagram pictures. 

Clarifai
Clarifai started in 2013. It is characterized by the use of intermediate layers in a 
deep convolutional neural network to improve visual recognition (Zeiler & Fergus, 
2013). Like Google Cloud Vision, Clarifai offers a variety of models to analyze visual 
content. These include the general model, to detect objects and sceneries, but also 
more specialized models focusing on food, apparel, or celebrities (Clarifai, 2022a). 
The general model alone is claimed to be able to recognize over 11,000 different 
labels (Clarifai, 2022b). The dataset that was used to train the model is unknown. 
Clarifai has been used in various scientific research. For example, Chen and Dredze 
(2018) used Clarifai to determine how vaccinations are portrayed in pictures on 
social media and Jaakonmäki and colleagues (2017) used Clarifai to analyze what 
content characteristics made users more engaged with brand-related visual UGC. 
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Challenges in the use of Pre-trained Computer Vision Models
The fact that the models are pre-trained brings along three possible problems 
for the analysis of visual brand-related UGC. First, these models are not trained 
on visual brand-related UGC, and therefore it is unknown how well the models 
will perform on such content. There is reason to doubt the accuracy of computer 
vision models for visual brand-related UGC, because previous research has 
shown that computer vision models are not robust to noise (Hosseini et al., 2017; 
Papernot et al., 2015). Minor imperfections in images can already negatively affect 
the label that computer vision models assign to them. For example, Hosseini 
and colleagues (2017) tested Google Cloud Vision by adding impulse noise to the 
image (i.e., adding light pixels to dark spaces and the other way around). A noise 
rate of on average 14% was enough to get the Google Cloud Vision API to return 
completely different labels. An image previously correctly identified as airplane, 
was suddenly categorized as bird, and a teapot was labeled as biology.  

Second, because the available models are all trained in a different way, 
different models might therefore give a different analysis of the same image. This 
applies both to the training images that were used as well as to the labels that the 
model is trained to output. For example, a database primarily trained on faces, 
will not be able to correctly classify other objects in images, and therefore may 
incorrectly classify other objects as faces or miss the presence of objects altogether, 
because the models can only detect labels they were trained for (LeCun et al., 2015). 

Third, the output of the pre-trained computer vision models is not marketing 
related. The models focus on the recognition of objects in an image, for example 
a person or a car. It is unclear whether such general labels can be used for 
marketing purposes. 

Because it is unknown if computer vision is useful to analyze visual brand-
related UGC and how computer vision models behave with this content, it is hard to 
choose the correct computer vision model for marketing research. Therefore, the 
current paper analyzes the suitability of three different computer vision models, 
YOLOV2, Google Cloud Vision, and Clarifai, to examine visual brand-related UGC. 

Method
To examine the suitability of computer vision models for the examination of visual 
brand-related UGC, the study is split up in three phases. In the first phase of the 
research, a visual brand-related UGC database was constructed. In the second phase 
of the research, the images in the database were run through the three computer 
vision models providing a set of labels for every image in the dataset. In the third 
phase, a label evaluation procedure was conducted, in which human coders judged 
the accuracy of the labels that were attached to the images in the second phase. 
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Phase 1: Database Construction
A database was constructed containing the visual brand-related UGC of 24 different 
brands. The brands were selected based on the “100 most loved brands on social 
media” –brand list (Netbase, 2018). The brands selected had to sell a physical 
product, have an unambiguous brand name (e.g., Bodyshop was excluded because 
it yielded a lot of pictures of garages, while it is also the name of a cosmetics brand), 
and together represent a variety of branches. The requirement of a physical product 
was necessary, because it excluded platform brands that are hard to represent in a 
picture (e.g., Instagram itself). The final list of brands can be found in Table 1. 

The images in the database were collected from Instagram, because of 
its visual character and current popularity (Pew Research Center, 2018a; Pew 
Researcher Center, 2018b). For each brand, the 1,000 most recent posts tagged 
with the brand name, were collected in December 2018. We chose brand-tagged 
pictures over non-tagged pictures, because they provide many opportunities to 
analyze a brand’s image. Moreover, because these are the pictures that appear 
when searching for a specific brand, they might be more influential to a brand’s 
image than non-tagged pictures.   

The initial database consisted of 24,000 images. There were 91 duplicate 
images that appeared for multiple brands. These images were excluded, because 
it was considered noise in the data. Another 57 images were excluded because 
they were posted by official Instagram accounts of brands or official retailers of 
the brand5. Also sponsored content was omitted from the database, by excluding 
any posts that contain the hashtag “#spon” or “ad”, hashtags used to indicate that 
a social media post contains sponsored content (Advertising Standards Authority 
UK, 2020)6. This excluded another 133 images. Finally, there were 2,050 images 
that could not be analyzed because they could not be downloaded. Therefore, 
the final database used in the analyses consisted out of 21,669 images (see Table 
1). This research was approved by the Research Ethics and Data Management 
Committee of the School for Humanities and Digital Sciences at Tilburg University. 

Phase 2: Computer Vision Models
To determine the computer vision output, all images in the dataset were run through 
the three different computer vision models. The models include the object detection 
model of Google Cloud Vision (Google Cloud, 2022), the general model of Clarifai 
(Clarifai, 2022b), and the complete YOLOV2 model (Redmon & Farhadi, 2017). See 
Figure 1 for an impression of the output of the various computer vision models.

5  The list of excluded accounts was created by inspecting all accounts that contributed a picture on their 
name, profile picture, biography, and the presence of a “verified batch” that Instagram provides to official 
accounts of famous people and brands.  
6  Further inspection of these account found that pictures with #spon belonged mostly to influencers, 
pictures hashtagged with #ad are mostly posted by advertising agencies involved in the production of 
the ad. 
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Phase 3: Label Evaluation
Sample Preparation
A stratified random sample of 600 images (25 images per brand) was drawn from the 
total database to be included in the label evaluation. Each image was already labeled 
by the three computer vision models, which resulted in three sets of labels (one for 
each model). Three separate lists were created, within each list the labels detected 
by one of the models, up to a maximum of ten labels per model (see Figure 1). If 
a model had detected more than ten labels, the first ten with the highest accuracy 
levels (as determined by the model) were selected. The final dataset consisted of 
1800 image-label combinations (600 images x 3 computer vision models). Each 
image-label combination was shown to five individual coders, to enhance validity. 

Procedure
The evaluation was conducted via Figure Eight (2019), a commonly used 
crowdsourcing platform for label evaluation that allows for online allocation of 
tasks to human coders (e.g., Tran et al., 2016). During the evaluation procedure, 
each coder was assigned a maximum of 30 image-label combinations that were 
shown to the coder in random order. For every label, the coders had to indicate 
to what extent they found the label accurate on a 7-point scale (ranging from 1= 
not accurate at all to 7 = very accurate). Before starting the actual coding, each 
coder had to read the instructions and pass a test of ten training images, to make 
sure they understood the coding rules. Once in every ten images, another training 
question was inserted to ensure the coders were still paying attention. 

Analysis
To analyze the computer vision output we make use of multiple qualitative and 
quantitative assessments. First, descriptive statistics are provided. Second, the 
accuracy of the labels is analyzed by means of linear mixed-effect analysis. Third, 
four concrete examples of possible marketing insights are presented. More 
specifically, we provide 1) a t-SNE plot (Van der Maaten & Hinton, 2008) to give 
insights into the clustering of different brands on an abstract level, 2) a classifier 
to examine if the pictures related to different brands are distinct enough to be 
automatically recognized as such, 3) word clouds to display the most frequent 
words per brand, and 4) topic modeling to identify co-occurring words. 
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Table 1. Overview of Brands Included in the Sample

Brand Number of images Branch
BMW 803 Automotive

Ferrari 855 Automotive

Ford 893 Automotive

Adidas 936 Consumer Goods

Chanel 948 Consumer Goods

Lacoste 966 Consumer Goods

Listerine 781 Consumer Goods

L’Oréal Paris 876 Consumer Goods

Nike 951 Consumer Goods

Tiffany & Co 913 Consumer Goods

Tommy Hilfiger 984 Consumer Goods

Yves Saint Laurent 962 Consumer Goods

Burger King 870 Food & Beverage

Coca-Cola 892 Food & Beverage

Gordon’s 929 Food & Beverage

Heineken 917 Food & Beverage

McDonalds 853 Food & Beverage

Moët 898 Food & Beverage

Nestlé 915 Food & Beverage

Starbucks 929 Food & Beverage

Apple 913 Technology

LG 904 Technology

Nintendo 839 Technology

Samsung 942 Technology

Results

Descriptive Statistics
General statistics of the output showed that YOLOV2 recognized 78 different labels, 
Google recognized 3,418 different labels, and Clarifai recognized 3,577 different 
labels. The average number of labels per image was the highest for Clarifai, which 
always outputs 20 labels per image. Google recognized on average 7.87 labels and 
YOLOV2 recognized an average of 3.69 labels per image.
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Google Cloud Vision Clarifai YOLOV2 Google Cloud Vision Clarifai YOLOV2

Denim Fashion Person Bottle No person Bottle

Footwear Street Handbag Carbonated Soft 
drinks

Drink Car

Girl Woman CocaCola Beer Car

Jeans Urban Cola Travel Cup

Outerwear Girl Drink Vehicle Diningtable

Road City Glass Recreation Vase

Shoe Model Glass bottle Wine

Shoulder People Soft drink Outdoors

Snapshot Step Water Glass

Trousers Adult Bottle

Figure 1. An Example of the Output of the three Computer Vision Models

Evaluation of the Accuracy of Computer Vision Output
To assess the accuracy of the labels, we performed a linear mixed-effect analysis 
with the lme4 package (Bates et al., 2015) in R (R Core Team, 2019). The mean 
accuracy, as indicated by the coders during the label evaluation procedure, served 
as dependent variable. The model further included a fixed effect of computer vision 
model and a random effect of coder to account for the repeated measures design. 
To maximize interpretability, YOLOV2 was used as reference category because 
this model had the lowest overall accuracy score (M = 4.31, SD = 2.10). With means 
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of 5.03 (SDclarifai = 0.97) and 5.69 (SDGoogle = 0.97) respectively both Clarifai (t(2223.52) 
= 9.33, p < .001) and Google Cloud Vision (t(1975.97) = 19.25,  p < .001) scored 
significantly higher than YOLOV2. Post hoc comparisons also showed a significant 
difference between Google Cloud Vision and Clarifai (t(1870.40) = 12.45, p < .001). 

To check whether the accuracy differences are not the result of the different 
labels outputted by the various models, we ran the same analysis again, this time 
only including the labels that were recognized by both Google Cloud Vision and 
Clarifai. There were 413 identical labels for Google Cloud Vision and Clarifai. Sixteen 
of those were also recognized by YOLOV2. Therefore YOLOV2 was also included 
in the analysis. The results showed a similar outcome as with the full database. 
YOLOV2 scored with an average of 4.73 (SD = 2.18) significantly lower than Clarifai 
(M = 5.18, SD = 1.54, t(1378.37) = 8.07, p < .001) and Google Cloud Vision (M = 5.69, 
SD = 1.23, t(4228.94) = 18.07, p < .001). Also the difference between Google Cloud 
Vision and Clarifai was still significant (t(1274.60) = 8.59, p  < .001). 

Four Concrete Examples of Applying Computer Vision to Gain 
Marketing Insights 
To gain more insights into how the output labels can be used to analyze visual brand-
related UGC, we provide four concrete examples, 1) a t-SNE plot, 2) a classifier, 3) 
frequency word clouds, and 4) a topic modeling procedure will be presented. 

t-SNE 
In marketing research it can be interesting to see how one brand is positioned as 
compared to other brands. To assess this, a t-SNE analysis was performed (Van der 
Maaten & Hinton, 2008). The t-Distributed Stochastic Neighbor Embedding (t-SNE) 
is a dimensionality reduction technique that is very effective for the visualization of 
high-dimensional data. The labels generated by our vision models are represented 
as so-called bag-of-word vectors. For N labels, each image is represented by an 
N-dimensional label vector which contains 0s, except for those labels that are 
generated by the computer vision models, these are assigned 1s. If two images 
give rise to very similar labels outputted by the vision models, the two label vectors 
will be similar as well. t-SNE maps these similar high-dimensional label vectors on 
nearby points in a 2D scatter plot, whereas it will map dissimilar label vectors onto 
points with a larger separation. The maps generated by t-SNE are typically more 
reliable than those generated by linear methods such as multidimensional scaling. 
Figure 2 shows the t-SNE plot for three car brands, BMW, Ford, and Ferrari. Each 
dot in the plot represents the labels generated for a single image. The distance 
between dots (images) is proportional to the dissimilarity of their label vectors. 
Each color of the dot is determined by the brand depicted in the corresponding 
image. It is important to note that the two axes of the plot do not have a clear 
interpretation due to the nonlinear mapping performed by the t-SNE algorithm. 
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Only the distances between dots and their clustering are meaningful. 
The t-SNE plot shows a large cluster in the middle, and a small cluster of 

BMW images (red dots) on the left. The presence of all three brands (colors) in the 
large cluster means that most of the associated images are similarly labeled. In 
other words, in terms of image labels these brands are not distinct. This is not the 
case for the small cluster on the left. These BMW images stand out in terms of the 
labels. Evidently, these images are associated with a rather unique subset of BMW 
images. Further analysis of the labels related to the cluster showed that whereas 
the big cluster mostly consists of labels such as vehicle, car, or transportation 
system, the left cluster is associated with motor-related labels, with words such 
as motorcycle, sunglasses, and landscape as unique words. Our plot reveals the 
known fact that, from the three brands, BMW is the only motorcycle vendor. In 
conclusion, a t-SNE plot can give insights into the clustering of different brands, 
but there is also considerable overlap because brands in the same product branch 
have many similarities (i.e., all car brands are likely to have a car in the picture).

Figure 2. t-SNE Plot to Assess Output Label Similarities of Images for BMW, Ford, and Ferrari
Note. The plot was generated with the tsne function in Matlab (version R2018b; The 
Mathworks, 2018) with the following t-SNE parameters: # of PCs=20, perplexity=30, and 
maximum number of optimization iterations = 1,000
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Classification 
To further examine whether the label output for different brands actually differs, 
a multiclass classification task was performed to predict to which of the 24 brands 
an image belongs. The labels of Google Cloud Vision, Clarifai, and YOLOV2 were 
transformed into word uni-grams (e.g., “denim”), bi-grams (e.g., “denim footwear”), 
and tri-grams (e.g., “denim footwear girl”) and served as input features for the 
classification task. To improve the generalizability, features that occurred in 
less than 10 cases, and features appearing in more than 25% of the cases were 
removed. XGBoost (Chen & Guestrin, 2016) was used as classification algorithm and 
results were obtained using ten-fold cross-validation. The results of this classifier 
is compared to a baseline that predicts brands in a stratified way: it guesses the 
brand based on the distribution of images (e.g., when 70% of the images belongs 
to Adidas, the chance that a particular brand belongs to Adidas is 70%). Using 
this stratified random baseline, the classifier would predict the right brand about 
1.5% of the time. After training the classifier, YOLOV2 labels helped to classify the 
image correctly in only 4% of the cases, barely better than chance. For Clarifai 
and Google Cloud Vision the classifier did much better. Based on Clarifai labels, 
the classifier managed to guess the correct brand in 15% of the cases, for Google 
Cloud Vision this percentage is even higher with 23.7% of the images correctly 
classified. Though 23.7% might not seem that much, it still shows that there is 
something in the images that makes the output different for different brands. 

Frequency Word Clouds
Frequency word clouds can give more in depth insights into how the output 
differs per brand for the three computer vision models. A word cloud is a visual 
representation of a text, with words that occur more often represented in a larger 
font size (Word it Out, 2019). Figure 3 shows word clouds for three different brands 
in the same branche. For this example we used brands in the category alcoholic 
drinks (i.e., Heineken, Gordon’s, and Moët). We constructed the word clouds by 
counting the frequencies of all labels that were detected for the specific brand 
and by a specific model. Consequently, we plotted the 75 most frequent words in 
a word cloud, with larger fonts representing higher frequencies. For each brand 
there are three word clouds, one for every computer vision model, to examine 
how the different models perform. When comparing the word clouds, it is clear 
that YOLOV2 produces the same kind of output for all brands. Google and Clarifai 
produce more distinct word clouds (see Figure 3). This is in line with previous results 
of the classifier. Google identifies a variety of objects present in the image, such 
as glass, liqueur, bottle, whisky, and food. Furthermore, Google always recognized 
the word “product”. Hence, Google is more focused on products, whereas Clarifai 
focuses on the presence of people. Frequently recognized words include people, 
person, man, woman, and portrait. But in addition to this, Clarifai also attaches 
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more subjective labels to the images, such as celebration, party, anniversary, or 
luxury. When comparing the output of the different brands, Clarifai therefore 
seems the most insightful. Looking at the Clarifai word clouds one can deduce 
that person, drink, bottle, alcohol, glass, people, bar, and party are typical for 
Gordon’s. Person, people, adult, drink, business, beer, and man are most present 
for Heineken, and people, person, adult, woman, indoors, party, wine, drink, and 
celebration are most present in Moët. This yields insights regarding brand use 
and perception as apparently, Gordon’s and Moet are often consumed at a party. 
Moreover, for Heineken there are more men present whereas for Moët women 
are more prominent. These insights can be used to adjust marketing campaigns 
or channels and inspire the development of new products. 

Topic Modeling
The word clouds showed which words often occur for specific brands. However, 
it does not yet indicate which words occur together. As this can be useful to 
interpret the image, we further examined the cluster of words by means of topic 
modeling. A Latent Dirichlet Allocation (LDA) procedure was used to automatically 
cluster words that often appear simultaneously in an image. Similar to Thompson 
and Mimno (2018), hyperparameter optimization occurred every 20 intervals after 
the first 50. Furthermore, the number of topics that were identified by the topic 
modeling procedure was set to 3 for each of the 24 brands. Due to space limitations 
we again only discuss Heineken, Gordon’s, and Moët in more depth (see Table 2). 
Results show that there are similarities between the brands (e.g., all brands had 
a topic about illustrations and text), but also clear differences. For example, both 
Moët and Gordon’s seem to be portrayed mostly inside, during parties or in a bar, 
whereas for Heineken words like outdoors and festival are more present. Table 2 
further shows that Clarifai produces the most elaborate topics, with the most and 
also the greatest variety of words, therefore Clarifai seems to be the most useful 
to give insights into how a brand is characterized and how this differs from other 
(competing) brands.
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and Moët consecutively 

Figure 3. Models for Heineken, Gordon’s, and Moët 
Note. Word clouds created via online tool worditout.com/word-cloud
Note. The number of words to display was limited to 75 for all word clouds
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Table 2. Recognized Topic Models per Brand for Heineken, Gordon’s, and Moët

Brand Topic Computer vision model
Heineken 1 YOLOV2 -

Google Font, food, brand, cuisine, dish, advertising, product, 
text

Clarifai No person, business, desktop, illustration, text, symbol, 
design, food, sign, delicious, dinner, technology

2 YOLOV2 Person, bottle

Google Fun, product

Clarifai People, adult, man, portrait, woman, indoors, one, 
music, wear, recreation, competition, festival, travel, 
outdoors

3 YOLOV2 Bottle, diningtable, cup

Google Drink, beer, bottle, alcoholic beverage, liqueur, alcohol

Clarifai Drink, beer, no person, bar, glass, alcohol, bottle, cold, 
food, party, liquor

Gordon’s 1 YOLOV2 Bottle, diningtable

Google Drink, liqueur, distilled beverage, alcoholic beverage, 
glass bottle, alcohol

Clarifai Drink, no person, glass, bar, alcohol, bottle, wine, food, 
liquor, party, container

2 YOLOV2 Person

Google Fun, event, girl

Clarifai People, adult, woman, man, portrait, wear, festival, 
group, music, indoors, one, fun, recreation

3 YOLOV2 Bottle, person

Google Font, product, brand, text, advertising

Clarifai No person, business, desktop, text, illustration, bill, 
symbol, sign vehicle, decoration, celebration, food, 
transportation system
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Brand Topic Computer vision model
Moët 1 YOLOV2 Person

Google Fun, girl, event

Clarifai People, woman, adult, man, portrait, music, wear, 
indoors, one, fashion, festival, group, party

2 YOLOV2 Person

Google Advertising, product, poster

Clarifai Business, font, desktop, illustration, no person, text, 
design, brand, symbol, bill, vertical, people, retro, 
technology, art, paper

3 YOLOV2 Bottle, diningtable, wine glass

Google Drink, wine, alcoholic beverage, liqueur, bottle,

Clarifai No person, drink, wine, celebration, alcohol, glass, 
bottle, party, luxury, champagne, food

Discussion
With the increasing amount of visual brand-related UGC, there is a growing need 
for brands to monitor these images. At the same time, this increasing amount 
of visual brand-related UGC makes monitoring all this image content more 
complicated. Computer vision is a tempting solution, as it may provide brand 
owners with a cost-efficient way to constantly monitor visual brand-related UGC. 
Given the important role of visual brand-related UGC in brand management, it 
is crucial that the output of computer vision models can be trusted. Inaccurate 
computer vision output can seriously affect a brand’s performance, as it can lead 
to missing the opportunity to interfere with negative brand-related UGC or to 
understand a brand’s target group. Furthermore, it is important to know whether 
these pre-trained models, which do not provide clear marketing variables as 
outcome, can be used for marketing purposes. 

Despite these possible opportunities of computer vision, the current research 
is the first to discuss the application of computer vision in a marketing context and 
to examine the performance of three popular-used computer vision models for 
visual brand-related UGC. A series of qualitative and quantitative analyses showed 
that computer vision models can effectively detect objects that are present in 
visual brand-related UGC. Moreover, the study provides four concrete examples of 
how the computer vision output can be used for marketing purposes. The findings 
demonstrate that pre-trained computer vision models can be used to identify how 
brands are presented by consumers and how this relates to the representation of 
other brands in the same sector. 

Out of the three tested models, Google Cloud Vision received the highest 
accuracy scores in the label evaluation procedure. However, it seems to be Clarifai 
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that provides the most useful output labels in a marketing context. Whereas 
Google Cloud Vision performs best in the identification of objects that are present 
in the image, Clarifai makes the interpretation of the visual content easier by 
providing a greater variety of labels. For example, Clarifai gives more subjective 
labels (e.g., ‘sexy’) and labels referring to the overall scenery (e.g., ‘party’). Yet, 
when only looking at the objects that were recognized by both Google Cloud Vision 
and Clarifai, Google Cloud Vision still performed better in terms of accuracy. The 
lower accuracy scores are therefore not the result of the use of subjective labels. 
YOLOV2 was the least informative model. The 80 different output labels proved to 
be too limited to get an accurate idea of the content of the images and resulted in 
great overlap between the label outputs for different brands.

Managerial and Scientific Implications
When choosing the right model, computer vision can provide marketers with 
new opportunities to monitor the performance of their brand. The current 
papers shows that both Google Cloud Vision and Clarifai can give insights into 
who uses a brand in what situations. Hence, computer vision can help marketers 
to monitor how a brand is portrayed by consumers, and how this relates to the 
intended brand image (Fan & Gordon, 2014). For example, Moët is portrayed in 
relation to celebration and parties with more often women in the pictures than 
men. This confirms that Moët is considered a drink to celebrate. However, it 
also shows that this is apparently more common for women than for men. Moët 
can use computer vision output to 1) analyze how the brand is portrayed, and 
consequently, if this is in line with the intended brand image, 2) gain insights into 
who are their competitors (e.g., Gordon’s is portrayed very similarly) and how do 
they differentiate from those competitors (e.g., Moët seems to be more popular 
amongst women), 3) develop new products based on recurrent moments of use, 
and 4) adjust the marketing strategy based on the target group, by focusing the 
content of their advertisements more on women or choosing outlets that will be 
seen by the target group, for example by advertising in a bar or party center. 

In addition to the strengths and weaknesses of the individual computer 
vision models that were tested, results of this research also provide insights into 
the use of (pre-trained) computer vision in general to analyze visual content. With 
an average rated label accuracy of 5.01 (SD = 1.58) on a 7-point scale it seems that 
computer vision models are able to analyze visual brand-related UGC, even though 
the models were not trained on this specific type of visual content. Considering 
the rapid improvement of computer vision models, this accuracy is expected to go 
up, making the output of future (versions of) pre-trained computer vision model 
even more trustworthy. On top of that, the current paper showed that the output 
of pre-trained computer vision models can be used to gain important marketing 
insights that are hard to gather otherwise. 
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In combination with other metadata about the visual content, such as 
the number of people who viewed or responded to a post (e.g., by liking or 
commenting), computer vision can also help to predict downstream marketing 
outcomes. For example, by revealing what objects in an image attract most 
attention amongst consumers. In the interpretation of computer vision output, 
research can be guided by theories from a variety of disciplines. Traditional 
advertising theories and insights from evolutionary psychology can guide 
researchers in the interpretation of why specific objects influence the attention 
towards image content. For instance, the presence of a person is known to 
attract attention towards stimuli from an evolutionary perspective (Wilson, 1975). 
Beneficial effects of this phenomenon have already been found in advertising 
(Droulers & Adil, 2015).  Subsequently, theories on persuasion and eWOM can 
help analyze how this relates to downstream marketing outcomes (e.g., Petty & 
Cacioppo, 1986, Gensler et al., 2013). 

This research focused on physical products, since these consist of concrete 
objects that are easier to detect by computer vision than service products. Using 
computer vision to detect intangible services like a cloud service or social network 
seems less straightforward. Yet, the outcomes of computer vision models can 
also be used in the context of service brands. As opposed to physical products, 
service brands are not represented by one tangible object that can be detected 
by a computer vision model. Instead, computer vision can be used to identify 
objects that are often associated with service brands. For example, a specific 
travel agency might be associated with a beach and a glass of wine, which might 
indicate that people associate this brand with sunny destinations mostly, whereas 
another travel agency is more often associated with a jungle or cultural highlights. 
Especially for these service brands, computer vision might also be helpful as social 
media management tool. By automatically analyzing the content posted about 
a brand, a tourism company can quickly identify a group of sad-looking tourists 
in the pouring rain or an insurance company can identify which one of their 
customers is having trouble with a broken car on the side of the road. 

There are also implications for the scientific community. Content analysis is a 
common technique in marketing (e.g., De Vries et al., 2012). The current research 
shows that certain content analysis tasks can be automated by using computer 
vision. As a result, it will be less time consuming to analyze marketing content. 
This makes it easier for researchers to apply content analysis to a larger database, 
leading to greater generalizability of the results. 

The results described in this paper are only examples of what is possible 
with computer vision. To show these possibilities, the current research used 
images that were already tagged with the brand name. However, in a similar 
way it is possible to identify not-tagged content that is relevant for brands. For 
example, by searching the Instagram feed for images that are related to drinks, 
a brand such as Moët can see how present they are in the market place, and 
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how they are represented as compared to other drinks to discover what makes 
them unique. Furthermore, the output can be analyzed by using topic modeling 
(or t-SNE plotting) to identify brands that are most similar to the brand at stake, 
which can hence be considered the brand’s biggest competitors. This information 
can in turn be used to adjust the marketing strategy to maximize the effectiveness 
of a campaign.

Limitations and Future Research
Despite the demonstrated possibilities, this research also had some limitations. 
The current study only looks at the general models of Google Cloud Vision and 
Clarifai, whereas both systems have additional modules available for the analysis 
of specific content (e.g., wedding). We did not include those modules to allow for 
a better comparison to the results of YOLOV2 (as YOLOV2 did not have additional 
modules), but also because the possibilities of Google Cloud Vision and Clarifai 
differ. For example, Google Cloud provides an emotion analysis of the detected 
faces, whilst Clarifai provides more labels regarding demographics of people in 
the image. Future research can also take these specific modules into account, to 
evaluate the accuracy of the different computer vision models more thoroughly. 

Moreover, while this research focused on the possibility to use computer 
vision to analyze visual brand-related UGC, it did not yet make a connection to 
common marketing outcomes, such as brand performance or engagement (e.g., 
amount of likes). This study serves as a stepping stone for future research to 
further examine the possibilities of computer vision in the field of marketing. For 
example, by using computer vision to predict which images are going to be most 
popular or by relating the objects present in the image to people’s brand attitude 
or purchase intention. As a result, computer vision can not only be used to monitor 
visual brand-related UGC but also serve as a guide to produce effective MGC for 
marketers and as a multi-functional tool in marketing research for scholars. 

The current research focused on the computer vision model’s ability to 
recognize objects in an image. This is the most promising application of computer 
vision because object detection is already far developed (Szegedey et al., 2017). 
However, much marketing research focuses on a more diverse range of aspects 
in visual brand-related UGC than the objects that are present in an image. For 
example more implicit messages, such as the credibility of visual brand-related 
UGC (Lin et al., 2016). Such subjective analyses are difficult to perform automatically 
and still require manual (re)coding of the output.
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This dissertation aimed to gain an in-depth understanding of visual Br-UGC. In 
doing so, this dissertation took a holistic approach by examining the creation, 
content, and consequences of visual Br-UGC (See Figure 1). More specifically, we 
addressed the motivations of the sender to create visual Br-UGC, the role of sender 
presence in the content of visual Br-UGC, and the consequences of visual Br-UGC in 
terms of brand outcomes in the receiver. The examination of these three aspects 
simultaneously opened up the possibility to analyze each aspect both individually 
and in relation to each other, which resulted in an extensive investigation of an 
emerging phenomenon. Throughout the dissertation, social drivers were central 
in explaining the creation, content, and consequences of visual Br-UGC. Because 
visual Br-UGC is shared via visual social media platforms, it was expected that 
social drivers would affect all aspects of visual Br-UGC. Therefore, we considered 
the role of social drivers in all conducted studies. 

Visual Br-UGC is a new emerging content type, which also calls for alternative 
research methods. Because of the omnipresence and versatility of visual Br-UGC 
manual coding may be too time consuming. To investigate this content type in full 
depth, the current dissertation also posed a methodological research question 
by exploring the possibility to use computational methods to analyze visual Br-
UGC. More specifically, we examined the use of automated content analysis in 
the form of computer vision. Computer vision can help to gain further insights 
into the characteristics of visual Br-UGC, because it allows for analysis of the 
content on a larger scale than is feasible with manual content analysis. The use of 
computer vision can help to gain a better understanding of the content of visual 
Br-UGC. Subsequently, these deeper insights into the content can help to better 
understand the creation and consequences of the content as well. 

In this discussion, we address the central aims of this dissertation. First, we 
will summarize the findings of Chapter 2 to Chapter 5. Subsequently, we will provide 
an answer to the four research questions that were posed in the introduction and 
reflect on the implications and future research directions that derive from these 
findings. Finally, the chapter ends with a general conclusion. 

Overview of the Studies

Chapter 2: Senders’ Motivations to Create and Post visual Br-UGC
In Chapter 2, we analyzed a sender’s motivation to create visual Br-UGC and 
post it to visual social media. To analyze sender motivations, we conducted 30 
qualitative interviews (M = 21.77, SD = 2.71, 83.3% women) with a photo-elicitation 
procedure. During the interviews, the participants showed their Instagram page 
to the interviewer. The interviewer asked questions about the pictures that were 
posted on the profile to gain insights into the underlying motivations that played a 
role in creating and posting visual Br-UGC. Moreover, the interviews distinguished 
between motivations to create and to post visual Br-UGC with a sender present, and 
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visual Br-UGC without a sender present. This was of particular interest because we 
expected that social drivers would be more important for creating visual Br-UGC 
with a sender present as compared to visual Br-UGC without a sender present. 

Figure 1. Visual Overview of the Research Questions

Results showed that social drivers played an important role for both visual Br-UGC 
with- and visual Br-UGC without sender present. The most common motivation 
for senders to post visual Br-UGC was to express their personal identity. Senders 
used visual Br-UGC to create an online image of themselves. In doing so, the 
brand was used as a subtle cue to give off information about the sender, whether 
the sender was visually present in the picture or not. The findings in Chapter 2 
therefore seem to indicate that the creation of visual Br-UGC is mostly driven by 
personal motivations, to give information about the sender rather than about the 
brand, irrespective of the visual presence of the sender. These results imply that 
social media users are not consciously thinking about how the brand is portrayed 
in visual Br-UGC during the creation of this content. 
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Chapter 3: Sender Presence Effects in Visual Br-UGC
Chapter 3 focused on the content of visual Br-UGC and on how this content affects 
the consequences of visual Br-UGC. The chapter elaborates on two studies that 
have been conducted to analyze the effects of sender presence in visual Br-UGC 
on brand outcomes. In both studies, we compared the visual presence of a sender 
with a happy facial expression (I), a sender with a neutral facial expression (II), 
and no sender present (III). We included facial expression because evolutionary 
theories suggested that a happy facial expression might be crucial to deduct 
brand information. Moreover, we distinguished between visual Br-UGC with which 
receivers experience a low, medium, or high level of product involvement, to see 
if the effect of facial expression would be moderated by the level of involvement 
a receiver has with the product. This distinction was made because receivers with 
a high involvement level with the product might use a different processing route 
when confronted with visual Br-UGC, than receivers with a low involvement level 
with the product.

In the first study of Chapter 3, we used computer vision to automatically 
analyze 17,452 visual Br-UGC pictures related to 6 different brands (with 3 different 
product involvement levels). Results showed that visual Br-UGC that contains the 
sender increases the number of likes and comments a picture receives (reactions 
to the post), regardless of the facial expression of that person. In the second 
study, we conducted an experiment to validate the findings of the first study in 
an experimental setting and to extend the research with reactions to the brand 
(i.e., brand attitude and purchase intention). The second study did not find an 
effect of facial expression on the number of likes and comments visual Br-UGC 
receives. Moreover, as opposed to Study 1, this study did not replicate the effect 
of sender presence on liking and commenting. The thought listing data suggested 
that this may be explained by the fact that participants did not personally know 
the sender that was present in the visual Br-UGC. Finally, Study 2 also did not 
find the expected effect of facial expression and product involvement on reactions 
to the brand. Surprisingly, the thought listing data indicated that receivers think 
more positively about visual Br-UGC with a positive facial expression as compared 
to other content. However, these positive thoughts did not transfer to the brand. 
Moreover, the thought listing procedure showed that consumers use a peripheral 
processing route, regardless of the level of involvement with the product. In 
conclusion, Chapter 3 showed that a happy facial expression in visual Br-UGC 
makes people think more positively about the brand, but these positive feelings 
do not transfer to the brand when there is no bond between sender and receiver. 
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Chapter 4: The Role of Tie Strength Between Sender and 
Receiver of Visual Br-UGC
Chapter 4 examines the effect of the bond between the sender and receiver on 
brand outcomes of visual Br-UGC in more detail by investigating the role of tie 
strength. The social character (e.g., looking at visual content posted by friends) of 
visual social media makes it possible that receivers encounter visual Br-UGC that 
is created by senders with whom they have a personal bond. We expected the 
bond between a sender and receiver, called a tie, to influence the effects of visual 
Br-UGC. Similar to Chapter 3, we investigated the reactions to the post (liking and 
commenting) and reactions to the brand (brand attitude and purchase intention) 
to examine the effects of tie strength on visual Br-UGC. This study also made the 
distinction between visual Br-UGC with a happy sender present, neutral sender 
present, and no sender present to examine the effects of sender presence and 
more specifically facial expression in relation to tie strength. 

To examine the role of tie strength in visual Br-UGC we used an experimental 
set-up with a two-step approach. In the first stage of the research, we collected a 
group of 18 people who wanted to help us create visual Br-UGC stimuli by posing 
with a brand. In the second stage of the research, we asked the same 18 people to 
distribute the survey, with themselves portrayed in the stimulus material, in their 
own social network. This ensured that the people who participated in the survey 
had a personal bond with the sender that was present in the visual Br-UGC and 
that this bond varied from one participant to the next (from vague acquaintances 
to family members and close friends). In total, 181 people (M = 22.78, SD = 3.05, 
71.3% women) participated in the experiment. 

Chapter 4 revealed that the bond between sender and receiver has a 
positive effect on reactions to the post. Both the intention to like and the intention 
to comment on visual Br-UGC increased when there is a closer bond between 
sender and receiver. However, the closeness between sender and receiver did not 
influence reactions to the brand. Next to tie strength, there was also a positive 
effect of sender presence in visual Br-UGC. The intention to like and comment 
visual Br-UGC was higher when the sender was present in the picture compared 
to visual Br-UGC where there was no sender present. Furthermore, as opposed 
to Chapter 3, this study did find an effect of a positive facial expression. Visual 
Br-UGC with a happy facial expression induced a higher like intention and brand 
attitude in the receiver of the content, regardless of tie strength. In conclusion, this 
chapter showed that a strong tie between sender and receiver can help to gain 
reactions to the post, but a happy facial expression in visual Br-UGC is necessary 
to affect reactions towards the brand as well. 
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Chapter 5: The Use of Computer Vision to Analyze Visual Br-UGC   
In Chapter 5 of this dissertation, we investigated the usability of computer 
vision to analyze the content characteristics of visual Br-UGC. In recent years, 
the quality of pre-trained models has vastly increased. The advantage of these 
models is that they are ready to use for communication scientists with limited 
programming experience. However, an important downside is that these models 
have not been trained on visual Br-UGC and therefore it is not known whether 
pre-trained models can yield insights regarding visual Br-UGC. To investigate the 
usability of computer vision models to examine visual Br-UGC, we compared three 
different computer vision models in the context of visual Br-UGC. Specifically, we 
studied one model trained by scientists (i.e., YOLOV2) and two models trained by 
commercial organizations (i.e., Google Vision and Clarifai). 

To compare the three computer vision models, we created a database of 
21,738 Instagram visual Br-UGC pictures related to 24 different brands. We 
analyzed all 21,738 pictures with the three models. Each computer vision model 
returned a list of labels that was detected in the visual Br-UGC (e.g., “person” 
or “car”), per picture. Subsequently, we assessed the accuracy of the output of 
each computer vision model by applying a label evaluation procedure through 
crowdsourcing platform Figure Eight (Figure Eight, 2019). We did this by having 
human coders rate how accurate a specific label, outputted by a computer vision 
model, was for the visual Br-UGC picture that was analyzed (e.g., whether there is 
indeed a person present in visual Br-UGC that was labeled with “person”). Results 
of this assessment showed that Google Vision had a significantly higher accuracy 
rate than both other models, meaning that Google Vision was better able to 
correctly identify objects within visual Br-UGC. 

Next to the label evaluation procedure, we assessed the usability of the 
computer vision models for gaining insights into visual Br-UGC by giving four 
concrete examples of how the computer vision output can be used to gain 
marketing insights. Results of these examples showed that the labels provided 
by Clarifai were more useful to gain insights into visual Br-UGC than the other 
two models, because it also used subjective words to describe the pictures (e.g., 
“beautiful”). GoogleVision was more objective, but also more reliable as the labels 
produced higher accuracy levels. The third model, YOLOV2 did not turn out to be 
useful in the context of visual Br-UGC as it was only able to detect a small number of 
different labels. Moreover, the accuracy of labels of YOLOV2 was not satisfactory. 
In conclusion, Clarifai and GoogleVision are both useful computer vision models to 
analyze visual Br-UGC. The choice between Clarifai and GoogleVision depends on 
the goal of the study. When the goal is to gain insights into the general ambiance 
of an image Clarifai is most suitable, to analyze which specific objects are present 
in a picture GoogleVision is most suitable.  
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Answering the Research Questions

The Role of Social Drivers in the Creation of Visual Br-UGC
The first research question that this dissertation addressed is: “What is the role 
of social drivers in creating visual Br-UGC?”. This research question focused on the 
creation of visual Br-UGC and was answered based on the findings presented 
in Chapter 2. Based on these findings we can conclude that social drivers play 
an important role in the creation of visual Br-UGC. Almost all senders of visual 
Br-UGC explicitly take into consideration how the content they create affects 
other people. The study in Chapter 2 revealed three main ways in which social 
drivers guide the creation of visual Br-UGC. First, the creation of visual Br-UGC is 
motivated by the need to broadcast one’s personal identity to an online audience. 
This was the most common motivation to create visual Br-UGC. The motivation 
has a strong social component because social media users employ the content 
to communicate information about themselves to other people. Second, senders 
create visual Br-UGC to show others how they are doing or share important life 
experiences. For this motivation type the creation of visual Br-UGC also originates 
in social needs. Finally, senders create visual Br-UGC to inspire other people. 
Again, this motivation focusses on the connection with other people by showing 
them what to do or what to wear. For all most common motivations to create 
visual Br-UGC, portrayal of the brand was secondary to the social drivers of visual 
Br-UGC creation. The brand was predominantly used as a tool to communicate 
information about themselves to other people. Therefore, we conclude that social 
drivers play a central role in the creation of visual Br-UGC. 

The Effect of Sender Presence in Visual Br-UGC on Brand 
Outcomes
The second research question that was addressed in this dissertation is: “How 
does visual sender presence affect brand outcomes of visual Br-UGC?”. To answer 
this research question, we investigated the effects of visual sender presence on 
reactions to the post and reactions to the brand. This research question is therefore 
focused on the content of visual Br-UGC and is answered based on the results of 
Chapter 3 and Chapter 4. In general, we can conclude that sender presence in visual 
Br-UGC has a positive effect on reactions to the post (liking and commenting), but 
this positive effect does not transfer to the brand (brand attitude and purchase 
intention). The results of Chapter 3 and Chapter 4 showed that visual Br-UGC with 
the sender present received more likes and comments than pictures without the 
sender present. Moreover, the results in Chapter 3 revealed that the presence 
of a person makes people think more positively about the visual Br-UGC. This 
effect is found across all levels of involvement with the product. The positive effect 
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of sender presence on reactions to the post can be explained by the processing 
route that receivers use for visual Br-UGC. Regardless of the involvement level 
with the product, consumers are inclined to use a peripheral route to persuasion. 
While processing the visual Br-UGC they mostly rely on simple cues, such as the 
presence of a person, to guide their response towards the content. 

Though sender presence increases reactions to the post, the mere presence 
of a sender was not enough to change receivers’ reactions to the brand (i.e., brand 
attitude and purchase intention). Based on evolutionary theories we predicted 
that a happy facial expression would be necessary to increase receivers’ reactions 
to the brand. Next to visual sender presence, this dissertation therefore also 
examined the difference between sender presence with a happy as compared to a 
neutral facial expression. The findings regarding facial expression are mixed. The 
study presented in Chapter 4 found a positive effect of facial expression on liking. 
Moreover, this effect was also transferred to a more positive brand attitude. Visual 
Br-UGC with a happy sender resulted in a more positive attitude to the brand as 
compared to visual Br-UGC with a neutral sender present. The second study in 
Chapter 3 did not find an effect of facial expression on liking and commenting, nor 
on reactions to the brand. This difference might be explained by the fact that the 
participants of the study in Chapter 4 had a personal bond (tie) with the sender 
that was present in the content, whereas for the participants in the second study 
of Chapter 3 this was not the case. 

 In conclusion, the findings of the current dissertation show that sender 
presence is an important factor to increase reactions to the post (i.e., liking and 
commenting), but these effects do not transfer to reactions to the brand (i.e., 
brand attitude and purchase intention). A positive effect on brand attitude was 
only established for the presence of a sender with a happy facial expression, under 
the prerequisite that the receiver of the content has a personal bond (tie) with the 
sender that is present in the content. How tie strength affects brand outcomes of 
visual Br-UGC is further discussed in the section The Role of Social Drivers in Brand 
Outcomes below.  

The Role of Social Drivers in Brand Outcomes
The third research question that was central in this dissertation is: “How do social 
drivers explain the effects of visual Br-UGC on brand outcomes?”. This research 
question is mostly focused on the receiver of the content and is answered based 
on the findings of Chapter 3 and Chapter 4. Results showed that the tie between 
sender and receiver is a crucial prerequisite for the effects of sender presence in 
visual Br-UGC on brand outcomes. When there is no bond between sender and 
receiver, a happy facial expression does make receivers more positive about the 
visual Br-UGC, but this does not affect brand outcomes. On the other hand, when 
there is at least a weak tie between sender and receiver, we found a positive effect 
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of senders with a happy facial expression on reactions to the post (like intention) 
and reactions to the brand (brand attitude). This suggests that only when there is 
a bond between sender and receiver, positive feelings elicited by a happy facial 
expression can transfer to the brand via the spillover effect.

The crucial role of tie strength was confirmed by the findings in Chapter 
3. A thought listing experiment revealed that receivers of the content respond 
differently to content when they personally know the sender as compared to 
content with an unknown sender. Participants indicate that they are more inclined 
to like or comment on pictures of close others as compared to pictures of people 
they do not know. Hence, social drivers, more specifically the social bond between 
sender and receiver, play an important role in explaining the effects of visual Br-
UGC on brand outcomes. Especially for brand outcomes directly related to the 
brand as compared to the post (i.e., brand attitude) the presence of a social bond 
between sender and receiver is crucial for the effects to occur. 

The use of Computer Vision to Analyze Visual Br-UGC
The fourth and final research question of this dissertation is: “To what extent can 
we use pre-trained computer vision models to analyze visual Br-UGC?”. This research 
question is focused on the content of visual Br-UGC. We use the results of 
Chapter 3 and Chapter 5 to answer this research question. Based on the results 
of these chapters we can conclude that pre-trained computer vision models are 
a promising new research method in the field of communication science and 
marketing. This dissertation analyzed three different pre-trained computer vision 
models. Results showed that especially commercially trained computer vision 
models GoogleVision and Clarifai showed a high accuracy rate when analyzing the 
content of visual Br-UGC. Moreover, because these models have a large variety of 
labels available, these models provided more interesting insights into visual Br-
UGC than the third model, YOLOV2. We expect that other pre-trained computer 
vision models, not part of the current research, can also be suitable to analyze 
visual Br-UGC as long as the model is trained on a large and diverse dataset and 
has many labels available. 

The most suitable pre-trained model for a specific research project depends 
on the research project. Though GoogleVision and Clarify work in a comparable 
way, there is an important difference in the usability of both models. Because 
Clarifai also provides subjective labels (e.g., beautiful, delicious), it is better suited 
to gain insights into the ambiance that is depicted in the image. On the other 
hand, GoogleVision has a higher accuracy rate, which means that it is better in 
recognizing specific objects (e.g., person, car) in a picture. As a result, a general 
overview of the ambience in the picture might be easier to accomplish with Clarifai, 
an accurate detection of objects in a picture can best be done with GoogleVision. 
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Because GoogleVision showed the highest accuracy rate, we used this pre-
trained computer vision model for the study described in Chapter 3. The findings 
confirmed that pre-trained computer vision models can be applied to research in 
the field of communication science and marketing. Through computer vision it is 
possible to analyze a large and diverse dataset in a short period of time by having 
the computer recognize objects within a picture. An important sidenote is that the 
analysis is limited to easily recognizable labels, such as a car or a face. It is not (yet) 
possible to gain more complicated information such as how the labels relate to each 
other. All in all, we conclude that computer vision can be used to analyze visual Br-
UGC. We will further elaborate on this in the Methodological Implications below.    

Theoretical Implications
The studies performed in this dissertation have theoretical implications regarding 
the creation, content, and consequences of visual Br-UGC. First, regarding the 
creation of visual Br-UGC, this dissertation has implications for the uses and 
gratifications theory (UGT; Katz et al. 1974) in the context of visual Br-UGC. According 
to our findings, some of the uses that were identified in previous research (e.g., 
Muntinga et al., 2011) are still applicable to visual Br-UGC. Most importantly, similar 
to research of Muntinga et al. (2011), personal identity and social interaction and 
integration are still common uses that are gratified through visual Br-UGC. 

This dissertation also uncovered important differences compared to previous 
UGT research in the marketing domain (Buzeta et al., 2020; Muntinga et al., 2011). 
As opposed to other forms of Br-UGC (e.g., product reviews), social media users 
indicate that the aesthetics of a picture are an important motivation to create 
visual Br-UGC. Senders are motivated to create and post visual Br-UGC with an 
aesthetically appealing composition or a picture that matches the other pictures 
that are present in the consumers’ feed. Another notable difference as compared 
to other UGT research is the importance of self-enhancement and desire to create 
an ideal online image through visual Br-UGC. The portrayal of a brand is mainly a 
vehicle to attain social gratifications rather than an advertisement for the brand. 
Social media users employ the brands in visual Br-UGC to express their identity or 
as a status symbol. 

Overall, this dissertation concludes that the creation of visual Br-UGC is 
strongly socially motivated. Though some motivations to create visual Br-UGC 
are similar to the motivations previously discovered by Muntinga et al. (2011), 
the motivations related to personal identity, and specifically self-enhancement, 
seem to be of more importance in visual Br-UGC as compared to other marketing 
outlets. Moreover, the motivations aesthetics was identified as new motivation. As 
a result, the current dissertation adds a set of (sub)motivations to the list that was 
constructed by Muntinga et al. (2011) to make the COBRA-framework still relevant 
for visual Br-UGC. 
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Second, regarding the content of visual Br-UGC, this dissertation has 
implications for the application of evolutionary theories (e.g., Bradley et al., 
2001; Vuilleumier, 2005) in visual Br-UGC. According to these theories, a face 
automatically attracts attention towards a picture because it can give important 
information about the environment (Vuilleumier, 2005). For example, seeing 
someone looking scared might indicate possible dangers nearby. The current 
research supports the existence of this reflex in visual social media as well, 
because visual Br-UGC with a sender present received more likes and comments 
than visual Br-UGC without a sender present. The increased number of likes and 
comments implies that more people have seen the visual Br-UGC with the sender 
and therefore that visual Br-UGC with the sender present attracts more attention. 
In conclusion, sender presence in visual Br-UGC is an effective strategy to attract 
the attention of social media users to the content.  

Another implication regarding the content involves the effect of a facial 
expression on brand outcomes. Based on previous research in traditional 
advertising, we expected that a positive facial expression would lead to a more 
positive attitude to the brand, via the spillover effect (Howard & Gengler, 2001). 
As opposed to the effect of sender presence, the expected effect of a facial 
expression on brand attitude was not found when there is no bond between 
sender and receiver. Interestingly, we found that a positive facial expression makes 
people think more positively about the picture, but these positive feelings do not 
transfer to the brand. We therefore do not find support for the existence of the 
spillover effect in visual Br-UGC. Instead, the findings of the current dissertation 
seem to point at the existence of a vampire-effect (Erfgen et al., 2015). According 
to the vampire-effect a sender present in visual content can attract such a level 
of attention to themselves that the attention is drawn away from the brand. 
As a result, the spillover effect cannot happen, because consumers do not pay 
attention to the brand that is present in the picture. This effect was previously 
established in celebrity endorsement (Erfgen et al., 2015), the current dissertation 
shows that a similar effect can occur in visual Br-UGC.

Third, regarding the consequences, this dissertation has theoretical 
implications for how visual Br-UGC is processed, which in turn affects the brand 
outcomes of visual Br-UGC. Following the elaboration likelihood model (ELM: Petty 
& Cacioppo, 1986) we expected that the processing route receivers use, would 
depend on the level of product involvement they have with the product. However, 
as opposed to our expectations the current research suggests that receivers of 
visual Br-UGC make use of a peripheral processing route, regardless of the level of 
product involvement. This implies that the processing of visual Br-UGC is different 
from the processing of traditional advertising (e.g., Drossos et al., 2014; Miniard et 
al., 1991). Therefore, the applicability of the elaboration likelihood model to visual 
Br-UGC should be reconsidered. According to the ELM, a systematic processing 
route is most likely when a receiver has the motivation and ability to process a 
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message. However, it might be that even if both motivation and ability to process 
a message are high, a systematic processing route is difficult because there are 
not enough systematic cues available in the post (e.g., no product information). As 
a result, the conditions under which a peripheral or systematic processing route is 
used should be re-evaluated for visual Br-UGC. 

Another implication regarding the consequences of visual Br-UGC involves 
the importance of a bond between sender and receiver in visual Br-UGC. The 
current dissertation established that the tie strength between sender and receiver 
is crucial for the brand outcomes of visual Br-UGC. This confirms traditional 
literature theorizing that humans are social creatures that base their behavior 
on the behavior of others (Bandura & Walters, 1977) and that especially strong 
ties are influential (Brown & Reingen, 1987) in the context of visual Br-UGC. 
Earlier research established the importance of tie strength for other social media 
platforms (e.g., Van Noort et al., 2012; Zarouali et al., 2018). The findings of this 
dissertation confirm that tie strength is also a crucial concept in visual social media 
platforms. As opposed to what we had expected it is not necessary that the tie is 
visually present in the content of visual Br-UGC. Merely knowing who the sender 
is, is enough to elicit the beneficial effects of tie strength.

Moreover, the importance of a tie between sender and receiver can nuance 
our earlier findings on the absence of a spillover effect (Howard & Gengler, 2001). 
We theorized that positive feelings associated with a happy sender that is visually 
present in visual Br-UGC would transfer to the brand that is portrayed in visual 
Br-UGC. Hence, a receiver’s brand attitude would increase because of a spillover 
effect of those feelings from the sender to the brand. We only found this effect 
when there was a personal bond between sender and receiver of the visual Br-
UGC. These findings support the notion that receivers’ feel happier when seeing 
positive content that is sent by close ties as compared to weak ties (Lin & Utz, 
2015). This suggests that only when there is a bond between sender and receiver, 
seeing a sender with a happy facial expression in visual Br-UGC results in positive 
feelings in the receiver as well. Once these feelings are activated, they can still 
transfer to a brand. In conclusion, even though the spillover effect was not found 
for visual Br-UGC with unknown senders, this dissertation suggests that the 
spillover effect may exist in visual Br-UGC when there is a personal bond between 
sender and receiver. 

Methodological Implications
Next to theoretical implications, this dissertation also has methodological 
implications regarding the use of computer vision. The study described in Chapter 
3 was one of the first in communication science and marketing that integrates an 
automated content analysis in the form of computer vision with an experiment to 
verify the study results. In combination with the insights from Chapter 5, which 



140

Chapter 6

examined the use of computer vision to analyze visual Br-UGC, this resulted in 
important implications regarding the use of computer vision as research tool in 
the field of communication science and marketing. In this section, we will elaborate 
on the methodological implications of computer vision as a research approach.

Results of Chapter 3 and Chapter 5 showed that computer vison can be a 
valuable tool for research in communication science and marketing. The accuracy 
of pre-trained computer vision models is sufficient to gain interesting insights into 
the content of visual Br-UGC. Via such models it is possible to automatically analyze 
a large amount of content in a short period of time, by identifying many different 
content characteristics (i.e., labels) within visual Br-UGC. Moreover, computer 
vision can be of added value to other research methods because it allows for the 
analysis of real-life Instagram data. For example, in Chapter 3 computer vision 
analyzed how consumers reacted to visual Br-UGC posts that exist on Instagram. 
These reactions to the post did not take place in an experimental setting and 
therefore have a high ecological validity. Because of the automatic analysis, we 
could include a large number of visual Br-UGC and analyze many different content 
characteristics simultaneously, which is important because of the great versatility 
of visual Br-UGC. 

Even though there are opportunities for the use of computer vision in 
communication and marketing research, there are also risks associated with the 
use of automated content analysis for research purposes. The most important 
risk researchers and practitioners should be aware of is the fact that computer 
vision has no common sense (Mitchell, 2019). Computer vision labels individual 
objects that are present in visual Br-UGC. For example, if you train a computer 
vision model to recognize a car or a person in a picture, it will be able to do so. 
However, computer vision models do not know what a car is. They do not possess 
any common sense, and as a result they are not able to take the context of a 
picture into account or to connect different content characteristics to each other. 
Analyzing visual Br-UGC (or any content for that matter) in an automatic way, 
creates the risk that important context information is left out of the equation. 
For example, a computer can tell us that there is a product present in the visual 
Br-UGC and that there is a girl present in the visual Br-UGC, but it cannot tell us 
whether the girl is using the product, or whether the product is only present in 
the background. Such information can be crucial to gain further insights into the 
working of visual Br-UGC. 

Moreover, the use of computer vision is limited to gaining insights into 
content characteristics that are visually present in visual Br-UGC. This can be very 
helpful, but for research in communication science and marketing, this is usually 
not enough. Much communication and marketing research, this dissertation 
included, is not only interested in the objectively observable content of visual Br-
UGC but also in how this content affects specific outcomes. At most, computer 
vision can be combined with other data that is observable within a platform (e.g., 
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likes and comments) to gain insights into platform specific outcomes, for example 
to determine which picture is most popular on a social medium. However, it cannot 
easily be related to outcomes that exist within a person, such as brand attitude 
or purchase intention. Similarly, also underlying processes such as processing 
routes, cannot be analyzed in an automatic way. 

Considering the risks and opportunities of computer vision as a research 
method, this dissertation makes a pledge for interdisciplinary research. The 
combination of automated research tools such as computer vision to examine 
large datasets with experiments to examine causal effects and its underlying 
mechanisms or interviews for in-depth exploration can provide a more complete 
overview of visual content than the use of these methods individually. Both types 
of research complement each other because they both have different strengths 
and weaknesses. Computer vison allows for the analysis of large datasets on a 
variety of content characteristics. This can be combined with an experiment 
or interview to gain insights into underlying process regarding the creation or 
consequences of such content. 

To pave the way for interdisciplinary research in communication science, 
we should be aware of the difference in research practice that exists between 

both fields (Van Atteveldt & Peng, 2018; Parti & Szigeti, 2021). In computational 
science, the research approach is in general more data-driven instead of theory-
driven. Computational scientists explore the dataset on different characteristics to 
find patterns in the data and explain these findings afterwards. For communication 
science, it is often the other way around. Most communication scientists work 
theory-driven, they use a specific theory or hypothesis as starting point and 
analyze the data in light of those theories. To conduct interdisciplinary research, 
it is important to be aware of the different approaches and critically evaluate 
which approach is most suitable for a specific research objective. In some cases, 
communication scientists might overlook interesting patterns in the data, because 
they look at the data from a pre-determined point of view. Reversely, using a 
theory-driven approach can help to apply computational science to theoretical 
problems. According to Parti and Szigeti (2021) the use of liaisons, researchers 
who have affinity with both research fields, can make the communication between 
both fields smoother. Such liaisons may also help to address methodological 
differences between fields in order to make interdisciplinary research easier for 
everyone involved. 

Practical Implications
The findings in this dissertation have important practical implications for brand 
owners and marketers. For practitioners in the marketing field, it is important 
to realize that social media users create visual Br-UGC to benefit themselves 
more than the brand. Social media users are most often motivated by personal 
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motivations, such as the creation of an online image or keeping in touch with 
close others. This can have important implications for marketers because this 
means the social media user is not invested in showing a favorable image of the 
brand and as a result might display the brand in a way that is not in line with the 
company’s marketing strategy. Simultaneously, this also provides opportunities 
for the marketers. Through visual Br-UGC social media users show how the brand 
fits their personal identity. As a result, analyzing such pictures, for example by 
using computer vision, can yield important insights into the target group and use 
cases of the product.  

The motivation that social media users have to create and post visual Br-
UGC should also be taken into account when applying visual Br-UGC campaigns. 
Marketers often ask social media users to post a picture of the brand on social 
media. These campaigns are most successful when appealing to the motivations 
that social media users have. For example, by letting them show their personality, 
or have them create something together with friends. Moreover, sender presence 
in visual Br-UGC should be encouraged. Though this dissertation did not find the 
expected effect of sender presence on brand attitude and purchase intention, 
visual Br-UGC with the sender present received more likes and comments than 
pictures without the sender present, for all levels of product involvement. There 
are several ways in which sender presence in visual Br-UGC can be motivated. For 
example, by playing into the personal identity motivations of the sender by asking 
them to show their connection to a brand, or by asking social media users to take 
a selfie together with the products.   

Another important practical implication involves the distribution of visual 
Br-UGC. This dissertation showed the importance of the bond between sender 
and receiver for visual Br-UGC outcomes. Only when there was at least a weak tie 
between sender and receiver, we saw a positive effect of a happy facial expression 
in the sender on brand attitude. Currently, marketers often aim to spread 
branded content to as much social media users as possible, in the hope to go viral. 
However, the current dissertation suggests that it is more effective to distribute 
visual Br-UGC via the personal network of the sender. In this way, the content may 
be seen by less social media users, but the effect of visual Br-UGC on those users 
is a lot higher. Marketers should therefore reconsider the way in which content is 
distributed on social media. 

Next to implications for marketers, this dissertation has implications for 
parents, caretakers, and educators of teenagers who are growing up in a world 
with visual Br-UGC. For this group it is important to be aware of the role visual 
Br-UGC plays in the life of especially young people, because this age group is 
most active on visual social media platforms (Statista, 2021). Because of the social 
drivers that underly the creation, content, and consequences of visual Br-UGC it is 
important to realize that users of visual social media platforms might create visual 
Br-UGC without even realizing it. Moreover, they distribute this content amongst 
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close others, mostly friends, with whom they have a strong tie. This means that 
they might influence their peers to buy specific products. Similarly, receivers of 
visual Br-UGC may not be aware of the persuasive consequences. The role of 
visual Br-UCG in online social media should therefore be part of media literacy 
programs. Moreover, parents, caregivers, and/or educators should discuss visual 
Br-UGC with their children. 

Future Research Directions
The findings of this dissertation give insights into how social drivers affect the 
creation, content, and consequences of visual Br-UGC. Results showed that 
social drivers play a crucial role in all three aspects of visual Br-UGC. Examining 
the creation, content, and consequences of visual Br-UGC together proved an 
effective way to analyze the working of this emerging content type, because it 
opens up the possibility to see how the three aspects interact with each other. The 
findings of this dissertation form a basis to further examine visual Br-UGC from all 
three perspectives.

First, regarding the creation of visual Br-UGC, our findings showed that the 
creation and posting of visual Br-UGC is often motivated by personal reasons, such 
as presenting an online identity. It would be relevant to see how these findings 
translate to different social media platforms. According to the UGT, social media 
users choose platforms depending on the uses that they aim to gratify (Katz et 
al., 1974). The current dissertation focused on Instagram because of the current 
popularity and prevalence of visual Br-UGC on this platform. Findings that apply 
to Instagram do not necessarily translate to other platforms because the use of 
the platform might be different. For example, the recently popular app TikTok 
is focused on creating entertaining or funny videos. Hence, it is likely that other 
motivations (e.g., entertainment), are more prevalent on TikTok than Instagram. 
As a result of these different motivations, social media users might employ brands 
in a different way depending on the platform. 

Second, regarding the content of visual Br-UGC, the current dissertation 
found that sender presence is an important factor in visual Br-UGC. However, the 
effects of sender presence on brand outcomes were limited. Only one study found 
a positive effect of a happy facial expression on brand attitude. To further examine 
the effects of sender presence in visual Br-UGC it is necessary to examine the 
processing of visual Br-UGC more in-depth. The findings suggested that sender 
presence attracts attention to visual Br-UGC and makes people have a more 
positive attitude about the visual Br-UGC. However, these positive effects do not 
transfer to the brand. Possibly, the sender attracts the attention away from the 
brand to such an extent that consumers do not notice the brand, as their attention 
is directed at the person (Erfgen et al., 2015). This so-called vampire effect does not 
occur for visual Br-UGC that is distributed amongst receivers who personally know 
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the sender of visual Br-UGC. Possibly the processing of visual Br-UGC is different 
when the sender of the visual Br-UGC is a tie of the receiver. When the receiver 
already knows the sender is trustworthy seeing visual Br-UGC of this person might 
take up less effort compared to visual Br-UGC of unknown individuals.

Third, regarding the consequences of visual Br-UGC, it is interesting to 
further examine how the processing of visual Br-UGC works in the receiver. 
This dissertation suggested that social media users rely on a peripheral route to 
persuasion regardless of their level of product involvement. Future research could 
examine why the peripheral route to persuasion is prevalent in visual Br-UGC and 
gain more in depth understanding of how the processing of visual Br-UGC works. 
In order to do so, the thought listing experiment that was conducted in Chapter 3 
could be extended by using a more ecologically valid setting. This can be done by 
using real-life Instagram data instead of stimuli to examine the effect of tie strength. 
Another way would be by mimicking real Instagram behavior during experiments, 
for example by allowing participants to scroll through an Instagram feed instead 
of exposing them to only post. This might affect the processing because social 
media users only have limited capacity available and cannot process all content in 
a systematic way.   

Finally, this dissertation also provides methodological guidance for future 
research. In future research it is important to examine in more detail how we can 
use computer vision as a research method in communication science. The current 
dissertation provided a stepping-stone for the use of pre-trained computer vision 
models and for the combination of computer vision with other research methods 
in answering substantive questions. However, to fully integrate interdisciplinary 
research in the communication science field it is important to examine how to 
combine both fields in the most optimal way. This might involve reshaping our 
way of conducting research by taking a more data-driven approach or by finding 
a way to combine data-driven research with theory-driven research. Moreover, it 
is important to note that computer vision is improving continuously. Applications 
that are not possible today, such as the analysis of multiple objects in relation 
to each other, may be possible in a few years. As a result, the applicability of 
computer vision in communication science is likely to increase. It is crucial that 
new possibilities of computer vision are monitored and evaluated in light of 
communication research in order to further embed computer vision as a research 
tool in social science. 

General Conclusion 
The current dissertation concludes that social drivers are central in the creation, 
content, and consequences of visual Br-UGC. As opposed to content that is created 
by brand owners, brands are usually not the main point of focus in visual Br-UGC. 
Instead, brands fulfill a supportive role by helping the sender to portray a specific 
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ideal online image of themselves. Because the sender is the main point of focus 
in visual Br-UGC, visual sender presence increases reactions to the post in terms 
of likes and comments but does not help to attract attention to the brand. Visual 
sender presence distracts attention away from the brand, which limits positive 
reactions to the brand. Except when there is a personal bond (tie) between sender 
and receiver: In that case visual Br-UGC has the power to positively affect reactions 
to the brand as well. In conclusion, the way in which visual Br-UGC is distributed 
through the social network of the sender largely defines the consequences of 
visual Br-UGC. 

Moreover, this dissertation concludes that pre-trained computer vision 
models can be a valuable new research method in the field of communication 
science and marketing. Computer vision allows for quick analyses of large datasets 
on many different content characteristics. However, currently computer vision 
also has limitations. The most important limitation involves the lack of common 
sense, which makes it impossible for computer vision to take the context of visual 
Br-UGC into account. Moreover, computer vision can give insight into the content, 
but not in underlying processes that explain the creation or consequences of 
such content. Therefore, this dissertation pleads for the use of interdisciplinary 
research in communication science, in which computer vision can complement 
existing research methods to answer substantive questions. 
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This dissertation provided an in-depth examination and understanding of visual 
brand-related user generated content (Br-UGC). Despite the recent rise of 
visual Br-UGC in visual social media such as Instagram, little was known about 
this emerging content type at the start of this dissertation process. The current 
dissertation took a holistic approach to analyzing visual Br-UGC by examining the 
creation, content, and consequences of visual Br-UGC individually and in relation 
to each other. This resulted in novel insights into the motivations the sender 
has to create visual Br-UGC, the visual presence of the sender in the content of 
visual Br-UGC, and the consequences of visual Br-UGC on the receiver. For all 
aspects that were examined, the role of social drivers was central in explaining 
the findings. Moreover, this dissertation had a methodological aim. Because of 
the omnipresence and variety of visual Br-UGC the current dissertation examined 
the applicability of automated content analysis in the form of computer vision to 
analyze visual Br-UGC. In this summary, the main findings of the studies that were 
conducted in this dissertation are presented together with a general conclusion. 

Summary of the Research Findings

Chapter 2: Sender’s Motivations to Create and Post Visual Br-UGC
Chapter 2 focused on the creation of visual Br-UGC by examining the motivations 
senders have to create and post visual Br-UGC. To investigate senders’ motivations, 
qualitative interviews with a photo-elicitation procedure were conducted (N = 30, 
Mage= 21.77, SDage = 2.71, 83.3% women). The findings indicated that social aspects 
are central in senders’ motivations to create and post visual Br-UGC. In general, 
senders are motivated to post visual Br-UGC because it is a way to express their 
online identity to other people. In doing so, senders consciously use the brand as 
subtle cue to give off information about themselves. The brand therefore seems 
to be in service of the sender, rather than a central aspect of the post. Moreover, 
this is not only true for pictures where the sender portrays themselves, but also 
for pictures where only the product is present in the picture. In conclusion, social 
drivers play an important role in the motivations senders have to create visual 
Br-UGC. 

Chapter 3: Sender Presence Effects in Visual Br-UGC
In Chapter 3 the content and consequences of visual Br-UGC were investigated by 
focusing on the effect of sender presence in visual Br-UGC on brand outcomes. 
The chapter took a revolutionary approach by combining an automated content 
analysis of 17,452 visual Br-UGC pictures with an experiment to relate the content 
characteristics to brand outcomes. The automated content analysis revealed 
that the presence of a sender in visual Br-UGC increases the number of likes and 



150

Summary

comments a picture receives regardless of the facial expression of the sender. 
However, the complementing experimental study (N = 313, Mage = 24.27, SDage = 
3.16, 68.4% women) did not replicate these effects as the experiment did not find 
an effect of sender presence on likes and comments, nor on other brand outcomes 
(brand attitude and purchase intention). A thought listing procedure that was 
part of the experiment suggested that the difference between the two studies 
can be explained by the fact that people in the experiment did not personally 
know the sender that was portrayed in the visual Br-UGC, which made them less 
likely to react to the post. Based on the two studies, it was concluded that sender 
presence can increase reactions to the post, but not the reactions to the brand. 
Moreover, the bond between sender and receiver seems to be an important factor 
in explaining these effects.

Chapter 4: The Role of Tie Strength Between Sender and 
Receiver of Visual Br-UGC
The study in Chapter 4 further examined the importance of the bond between the 
sender and receiver of visual Br-UGC, also called tie strength, and how this bond 
affects brand outcomes. This study builds on the studies presented in Chapter 
3, because they showed that tie strength may be crucial for gaining likes and 
comments, however they did not examine how tie strength may affect reactions 
towards the brand (i.e., brand attitude and purchase intention). To validate and 
complement the findings of Chapter 3, an experimental set-up was used that 
showed participants (N = 181, Mage = 22.78, SDage = 3.05, 71.3% women) visual Br-
UGC with a neutral sender, happy sender, or no sender present. Moreover, the 
participants varied in how well they personally knew the sender that was present 
in the picture (from vague acquaintances to close friends and family). The study 
confirmed the findings of Chapter 3, as it showed that a stronger bond with the 
sender of the content increased participants’ intention to like and comment on 
visual Br-UGC. However, the study did not find an effect of tie strength on reactions 
to the brand (i.e., brand attitude and purchase intention). There was only a positive 
effect of visual Br-UGC on brand attitude when the sender in the picture showed 
a happy facial expression. In conclusion, the findings of Chapter 4 showed, in line 
with Chapter 3, that a stronger bond between sender and receiver increases the 
intention to like and comment on visual Br-UGC. However, the effects of visual 
Br-UGC on reactions to the brand were limited. Only visual Br-UGC with a happy 
sender present can have a positive influence on a receiver’s brand attitude, given 
that the receiver has at least a weak bond with the sender.  
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Chapter 5: The use of Computer Vision to Analyze Visual Br-UGC 
Chapter 5 examined to what extent automated content analysis in the form of 
computer vision can be applied to analyze the content characteristics of visual 
Br-UGC and how this new method can be used to gain relevant insights for 
research and practice. This study consisted of three parts. In the first part, a 
database of 21,738 visual Br-UGC pictures was created and analyzed with three 
different computer vision models (i.e., Google Vision, Clarifai, and YOLOV2). 
In the second part, human coders were asked to evaluate the accuracy of the 
output of the different computer vision models to compare the applicability of the 
various models. Finally, the third part of Chapter 5 tested which computer vision 
model was most useful to gain marketing insights. The findings revealed that 
the computer vision model of GoogleVision showed the highest accuracy when 
labelling the content of the pictures. However, Clarifai was more insightful when it 
comes to marketing insights, because Clarifai also provides subjective information 
about the atmosphere in the picture (e.g., “beautiful”). YOLOV2 was not useful 
to analyze visual Br-UGC. Because it was only able to detect a small number of 
different objects in a picture, it could not handle the versatility of visual Br-UGC. In 
conclusion, pre-trained computer vision models can be used to analyze visual Br-
UGC. The outcomes of the analysis can be used to gain relevant insight into visual 
Br-UGC for both research and practice. The most suitable computer vision model 
depends on the goal of the research. 

General Conclusion
This dissertation concluded that social drivers play a central role in explaining 
the creation, content, and consequences of visual Br-UGC. Senders of visual Br-
UGC use the brand to give off information about who they are or who they would 
like to be to an online audience. The brands are therefore not the point of focus 
in visual Br-UGC, but rather are in service of the sender. The importance of the 
sender is also reflected in receivers’ reactions to visual Br-UGC: The presence of 
the sender in visual Br-UGC increases receivers’ intention to like and comment 
on the post, but reactions to the brand are limited. Only when there is a personal 
bond between the sender and receiver, visual Br-UGC can have a positive effect 
on brand outcomes. 

Moreover, this dissertation aimed to gain insights into the applicability of 
computer vision in communication science and marketing. Results show that pre-
trained computer vision models can be applicable to gain insights into the content 
characteristics of visual Br-UGC. Computer vision can be used to analyze a large 
dataset on many different content characteristics. However, computer vision also 
has limitations. Therefore, the current dissertation pleads for more interdisciplinary 
research, by combining computer vision with other research methods.  
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De afgelopen jaren is de populariteit van visuele sociale media hard gegroeid. Via deze 
platformen kunnen gebruikers hun leven delen met een groot online publiek door 
het plaatsen van foto’s. Deze foto’s bevatten regelmatig ook een merk, bijvoorbeeld 
wanneer degene op de foto merkkleding draagt of poseert met een merkproduct, 
zoals een biertje op het terras. In dit proefschrift staan merk-gerelateerde foto’s die 
gemaakt worden door gebruikers in plaats van door professionals, ook wel brand-
related user generated content (Br-UGC) genoemd, centraal. 

Ondanks de recente opkomst van visuele Br-UGC op sociale media zoals 
Instagram, was er aan de start van dit onderzoeksproject nog weinig bekend 
over deze nieuw vorm van content. Het huidige proefschrift analyseert visuele Br-
UGC aan de hand van een holistische benadering door te focussen op de creatie, 
contentkenmerken en consequenties van deze contentvorm. Door de creatie, 
contentkenmerken en consequenties niet alleen individueel, maar ook in relatie 
tot elkaar te analyseren geven de resultaten van dit proefschrift inzicht in de 
motivaties die de afzenders hebben om visuele Br-UGC te maken, de rol van de 
aanwezigheid van de afzender in visuele Br-UGC, en de consequenties die visuele 
Br-UGC kan hebben voor de ontvanger. Voor zowel de creatie, contentkenmerken 
als consequenties van visuele Br-UGC staan sociale drijfveren centraal in het 
verklaren van de gevonden resultaten. 

Daarnaast heeft dit proefschrift ook een methodologisch onderzoeksdoel. 
Door de constante stroom van nieuwe visuele Br-UGC en de veelzijdigheid van 
deze content is manuele contentanalyse voor visuele Br-UGC te tijdrovend. 
Daarom onderzoekt dit proefschrift de mogelijkheden van geautomatiseerde 
contentanalyse in de vorm van computervisie om visuele Br-UGC te analyseren. 
In deze samenvatting worden de belangrijkste uitkomsten van de studies in dit 
proefschrift gepresenteerd en wordt afgesloten met een algemene conclusie. 

Samenvatting van de Onderzoeksresultaten

Hoofdstuk 2: Motivaties van de Afzender om Visuele Br-UGC te 
Creëren en Posten
Hoofdstuk 2 concentreerde zich op het maken van visuele Br-UGC, door de 
motivaties te onderzoeken die afzenders hebben om visuele Br-UGC te maken en 
te posten op visuele sociale media (Instagram). Om de motivaties van afzenders 
te onderzoeken, werden kwalitatieve interviews gebruikt (N = 30, Mleeftijd = 21.77, 
SDleeftijd = 2.71, 83.3% vrouw). Onze bevindingen gaven aan dat sociale aspecten 
centraal staan in de motivatie van afzenders om visuele Br-UGC te maken en te 
plaatsen. Over het algemeen zijn afzenders gemotiveerd om visuele Br-UGC te 
posten omdat het een manier is om hun eigen identiteit te uiten. Daarbij werd het 
merk gebruikt als subtiele cue om merkinformatie af te geven, in plaats van als 
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een centraal aspect van de post. Dit gold niet alleen voor foto’s waarin de afzender 
zichzelf afbeeldde, maar ook voor foto’s waar alleen het product op stond. Dit 
hoofdstuk concludeert daarom dat sociale drijfveren een belangrijke rol spelen in 
de motivaties die afzenders hebben om visuele Br-UGC te creëren.

Hoofdstuk 3: Het Effect van de Aanwezigheid van de Afzender in 
Visuele Br-UGC
In Hoofdstuk 3 werden de contentkenmerken en consequenties van visuele Br-
UGC onderzocht door te focussen op het effect van de visuele aanwezigheid van 
de afzender in visuele Br-UGC op merkuitkomsten. Daarbij werd onderscheid 
gemaakt tussen foto’s met een afzender met een neutrale gezichtsuitdrukking, 
foto’s met een afzender met een blije gezichtsuitdrukking en foto’s zonder 
afzender. Het hoofdstuk beschrijft een geautomatiseerde contentanalyse van 
17.452 visuele Br-UGC-afbeeldingen en combineert deze data met een experiment 
om de contentkenmerken te kunnen relateren aan merkuitkomsten. Uit de 
geautomatiseerde contentanalyse bleek dat de aanwezigheid van een afzender 
in visuele Br-UGC het aantal likes en comments op een foto verhoogt, zowel bij 
afzenders met een neutrale als bij afzenders met een blije gezichtsuitdrukking. 
In het experiment werden deze resultaten echter niet gerepliceerd. In het 
experiment werd geen effect gevonden van de aanwezigheid van de afzender op 
het aantal likes en comments dat de post krijgt, en ook geen effect op andere 
merkuitkomsten (merkattitude en aankoopintentie). In het tweede deel van het 
experiment werden participanten gevraagd om op te schrijven welke gedachtes 
ze hadden bij het kijken naar de post. De uitkomsten van deze procedure 
suggereerden dat het verschil tussen de twee onderzoeken kan worden verklaard 
door het feit dat mensen in het experiment de afzender die werd afgebeeld in 
de visuele Br-UGC niet persoonlijk kenden, waardoor ze minder snel reageerden 
op de post. Er kon daarom worden geconcludeerd dat de aanwezigheid van de 
afzender de reacties op de post kan verhogen, maar dat de aanwezigheid van de 
afzender geen effect heeft op merkattitude en aankoopintentie. Bovendien is de 
band tussen zender en ontvanger cruciaal voor het optreden van deze effecten.

Hoofdstuk 4: De Rol van de Band tussen Afzender en Ontvanger 
van Visuele Br-UGC
In Hoofdstuk 4 werd het belang van de band tussen de afzender en ontvanger van 
visuele Br-UGC, ook wel tie strength genoemd, verder onderzocht. Om de effecten 
van de band tussen afzender en ontvanger te onderzoeken werd gebruik gemaakt 
van een experiment waarbij participanten (N = 181, Mleeftijd = 22.78, SDleeftijd = 3.05, 
71.3% vrouw) visuele Br-UGC te zien kregen. Net als in Hoofdstuk 3 werd ook hier 
onderscheid gemaakt tussen content met- en zonder visuele aanwezigheid van 
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de afzender, omdat verwacht werd dat het effect van de band tussen afzender 
en ontvanger anders kan zijn als de ontvanger degene met wie hij of zij een band 
heeft kan zien. Het experiment had drie verschillende condities: 1) visuele Br-UGC 
met een afzender met een neutrale gezichtsuitdrukking, 2) visuele Br-UGC met 
een afzender met een blije gezichtsuitdrukking, en 3) visuele Br-UGC waarop geen 
afzender aanwezig was. Daarnaast varieerden de participanten in hoe goed ze 
de afzender die op de foto stond persoonlijk kenden (van vage kennis tot goede 
vrienden en familie). Uit het onderzoek bleek dat een sterkere band met de 
afzender van de content, de intentie om de visuele Br-UGC-foto te liken of erop 
te reageren verhoogde. De band tussen afzender en ontvanger had echter geen 
invloed op merkuitkomsten (merkattitude en aankoopintentie). Er was wel een 
positief effect van visuele Br-UGC op de merkattitude wanneer de afzender op de 
foto een blije gezichtsuitdrukking liet zien. Concluderend kan gezegd worden dat 
visuele Br-UGC met afzender met een vrolijke gezichtsuitdrukking de merkattitude 
van een ontvanger kan vergroten, zolang er tenminste een zwakke band is tussen 
de afzender en de ontvanger. 

Hoofdstuk 5: Het Gebruik van Computervisie om Visuele Br-UGC 
te analyseren
Hoofdstuk 5 onderzocht of geautomatiseerde contentanalyse in de vorm van 
computervisie kan worden toegepast om de contentkenmerken van visuele 
Br-UGC te analyseren. Dit onderzoek bestond uit drie delen. In het eerste deel 
werd een database opgesteld van 21.738 visuele Br-UGC-afbeeldingen. Deze 
afbeeldingen werden geanalyseerd met drie verschillende computervisiemodellen 
(Google Vision, Clarifai, en YOLOV2). In het tweede deel werden menselijke codeurs 
gevraagd om de nauwkeurigheid van de verschillende computervisiemodellen te 
evalueren om zo de toepasbaarheid van de verschillende modellen te kunnen 
vergelijken. Ten slotte hebben we getest welk computervisiemodel het meest 
bruikbaar is om marketinginzichten te verkrijgen. Uit onze bevindingen bleek dat 
het computervisiemodel van GoogleVision de hoogste nauwkeurigheid vertoonde 
bij het labelen van de inhoud van visuele Br-UGC. Clarifai was echter bruikbaarder 
als het gaat om het verkrijgen van marketinginzichten, omdat Clarifai ook 
subjectieve informatie geeft over de sfeer in de foto (bijvoorbeeld ‘mooi’). YOLOV2 
bleek niet bruikbaar om visuele Br-UGC te analyseren, omdat YOLOV2 een te 
beperkt aantal verschillende objecten kon herkennen. Dit hoofdstuk concludeert 
dat vooraf getrainde computervisiemodellen nuttig zijn om visuele Br-UGC te 
analyseren. Het meest geschikte model hangt af van het doel van het onderzoek.
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Algemene Conclusie
Dit proefschrift concludeert dat sociale drijfveren een centrale rol spelen in de 
creatie, contentkenmerken en consequenties van visuele Br-UGC. Afzenders van 
visuele Br-UGC gebruiken het merk om een online identiteit te creëren en deze 
te delen met een groot online publiek. Het merk staat   dan ook niet centraal in 
visuele Br-UGC, maar staat in dienst van de afzender. Vanwege het belang van de 
afzender in visuele Br-UGC is de visuele aanwezigheid van de afzender op de foto 
cruciaal voor de merkuitkomsten van visuele Br-UGC. Visuele aanwezigheid van 
de afzender verhoogt de reacties op de post, door middel van likes en comments, 
maar heeft geen effect op reacties op het merk. Positieve effecten van visuele Br-
UGC op merkuitkomsten treden alleen op als er een persoonlijke band is tussen 
de zender en de ontvanger van de content. 

Daarnaast had dit proefschrift als doel inzicht te verkrijgen in de 
toepasbaarheid van computervisie voor het automatisch analyseren van 
visuele Br-UGC. De resultaten van verschillende onderzoeken laten zien dat 
vooraf getrainde computervisiemodellen kunnen worden toegepast om inzicht 
te krijgen in de contentkenmerken van visuele Br-UGC. Computervisie kan 
worden gebruikt om een   grote dataset op veel verschillende contentkenmerken 
tegelijkertijd te analyseren. Computervisie heeft echter ook beperkingen, zoals 
het feit dat een computer geen context kan zien in een foto, en daardoor alleen 
losse objecten kan herkennen. Daarom pleit het huidige proefschrift voor meer 
interdisciplinair onderzoek, waarbij computervisie wordt gecombineerd met 
andere onderzoeksmethoden.
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