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SUMMARY

Experience prediction is one key component in today’s multimedia delivery. Knowing
user’s viewing experience allows online video service providers (e.g., Netflix, YouTube)
to create value for their customers by providing personalized content and service. How-
ever, individual experience prediction is a challenging problem since viewing experi-
ence (defined as Quality of Experience in this thesis) is a multifaceted quantity and it is
rather personal and subjective. The existing methods for quantifying Quality of Experi-
ence (QoE) target at estimating how the video quality is perceived by users, neglecting
the hedonic part of experience (the degree of enjoyment of a user watching a video).
Quite naturally, these methods consider only factors related to video perceptual qual-
ity (purely from video), which is insufficient to properly assess viewing experience. The
research reported in this thesis attempts for the first time at shifting the paradigm for
perceptual quality modeling, towards measuring and predicting the level of enjoyable
viewing experience a user has with a video. In particular, it focuses on exploiting the po-
tential value of user factors (information from users) and investigate their influences on
QoE prediction.

The goal of this thesis is to develop a feasible method for predicting the individual
viewing experiences in terms of perceptual quality and enjoyment by taking multiple in-
fluencing factors into account. Here, the influencing factors are taken from both video
(e.g., related to perceptual quality) and user (user factors, e.g., interest. personality). We
take three major steps to accomplish this goal. We first deploy a subjective experiment to
understand the relationship between perceptual quality and enjoyment, and how their
influencing factors form the final viewing experience. With a set of identified influenc-
ing factors, we then propose a new QoE prediction model which processes both user and
video information to predict individual experience (i.e., either perceptual quality or en-
joyment). We show that combining information from video and user enables better pre-
diction performance as compared to only considering information from video related to
perceptual quality. Our third step tackles the problem of reliable data collection for the
individual QoE research. We developed an open-sourced Facebook application, named
YouQ, as an experimental platform for automatic user information collection from so-
cial media while performing an online QoE subjective experiment. We show that YouQ
can produce reliable results as compared to a controlled laboratory experiment, both in
terms of QoE and of quantification of user factors and traits. As a result, a complete,
feasible method for individual QoE prediction is presented in this thesis.

Based on the findings presented in this thesis, we reflect on the contribution and
make recommendations for future research directions, which we think are substantial
and promising for individual QoE prediction.
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1
INTRODUCTION

1.This chapter consists of material adapted from J. Redi, Y. Zhu, H. de Ridder, I. Heynderickx. How Passive
Image Viewers Became Active Multimedia Users, in C. Deng, L. Ma, W. Lin, K.N. Ngan: Visual Signal Quality
Assessment pp 31-72, Springer, 2015.
2.While we realize that video in general consists of audiovisual content, we focus in this thesis on the visual
data stream of a video only.
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2 1. INTRODUCTION

1.1. MOTIVATION

A CCORDING to Cisco’s forecasts, video delivery will account for 82% of the overall in-
ternet consumer traffic by 2021 [1]. This enormous amount of data needs to be han-

dled (i.e., captured, stored, transmitted, retrieved and delivered) in a way that meets the
end-users’ expectations. However, technology still shows limitations, such as limited
spatial, temporal and bit rate resolution in displays, bandwidth and storage constraints,
or error-prone transmission channels. As a result, video material is often delivered af-
fected by impairments of different nature (from blocking artifacts due to compression
over jerkiness to audiovisual errors due to packet loss) which disrupt the overall appear-
ance of the video content. Impairments provoke a sense of dissatisfaction in the user [2,
3, 4], which, in turn, may decrease the willingness to pay for/use an online application,
service, or device [5, 6].

As a consequence of the above, effort has been devoted to the development of tech-
nologies that can either prevent the appearance or reduce the visibility of impairments.
Following the initial attempts based on the quantification of signal errors [7], it soon
became clear that a better understanding of how users experience the consumption of
video signals was necessary to properly optimize the video delivery and that this under-
standing could only be achieved through a collaboration between engineers and vision
scientists [8]. Through this collaboration, dedicated psychometric techniques were de-
veloped [9, 10] and standardized [11, 12, 13, 14] to support a reliable quantification of
visual quality from a subjective point of view (i.e., the perceived overall degree of excel-
lence of a visual content item [11]). With these techniques, a large body of psychophys-
ical data was collected to unveil the perceptual functions of the human visual system
(HVS) that regulate the sensitivity to impairments [15]. The outcome of these experi-
ments served as inspiration for designing objective/automatic visual quality assessment
models [16, 17, 18], the output of which would steer the technology tuning towards im-
pairment concealment (e.g., video restoration).

The common, underlying assumption for the visual quality assessment models is
that having an understanding of the perceptual processes that regulate impairment sen-
sitivity suffices to predict the impairments’ annoyance and in this way also the over-
all quality of the video viewing experience [16]. This impairment-centric definition of
visual quality (also referred to as perceptual quality throughout this thesis) has been
considered effective for a long time [19, 20], but is now being challenged. With the de-
velopment of new media technologies, the quality standards of media consumers have
changed. Video viewing experience is tightly related to the usage of social media, as well
as to mobile, interactive and immersive viewing systems. For example, users nowadays
would watch video on one screen, while communicating with friends on social media
(typically Facebook and/or Twitter) at the same time [21, 22]. New technology and new
modalities of media consumption led to a change in the expectations regarding media
services: perceptual quality is not any more seen as the sole aspect of the user’s video
viewing experience. Instead, video viewing experience is increasingly seen as a multidi-
mensional concept, having other aspects as well, and also being influenced by various
factors, such as visual semantics [23, 24], user personality [25, 26], preferences [27, 28, 29,
30], social [30, 31] and environmental context [5]. In this thesis, we attempt for the first
time at shifting the paradigm for objective perceptual quality modeling, towards mea-
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suring and predicting individual viewing experience with a given video by considering
such multiple aspects and influencing factors.

1.2. THESIS SCOPE

1.2.1. ASPECTS OF VIDEO VIEWING EXPERIENCE

In this thesis, we approach the modeling and assessment of the individual video viewing
experience under the formal and more general framework of “Quality of Experience”.
The concept of Quality of Experience (QoE) arose from the need to assess the quality of
online media services from the point of view of user satisfaction [32]. QoE was initially
defined by ITU [33] as “the overall acceptability of an application or service, as perceived
subjectively by an end-user”, and later on, in the Qualinet White Paper [34], as “the de-
gree of delight or annoyance of the user of an application or service. It results from the
fulfillment of his or her expectations with respect to the utility and/or enjoyment of the
application or service in the light of the user’s personality and current state”.

In the context of this thesis, the Qualinet definition points to the need to look at “the
degree of delight or annoyance” of a user watching a video. This emphasizes the need to
look at the entire video viewing experience, which reaches beyond the perceived video
quality alone. Evidence has indeed shown that focusing purely on perceptual quality
fails to describe user’s overall video viewing experience [8, 34, 35]. For example, a user
may have high viewing experience because of the enjoyable video content and despite
low perceived perceptual quality. This reflects another aspect of QoE - enjoyment – that
reflects the hedonic part of QoE, taking into account cognitive and affective aspects of
the video viewing experience [36].

In view of the above, we consider two aspects of the individual video viewing ex-
perience in this thesis, perceptual quality and enjoyment. The perceptual quality, as
mentioned earlier, reflects the annoyance generated in the user by the presence of per-
ceivable impairments in the media (e.g., blockiness, or disruptions due to packet loss in
transmission). This aspect has been extensively researched in the past, in relation to e.g.
video codec properties and/or network conditions [16]. Enjoyment, however, has not
been sufficiently investigated, and neither its relation to perceptual quality. In particu-
lar, little is known about how the two aspects balance each other in determining the final
QoE.

1.2.2. QOE: THE INFLUENCING FACTORS

In addition to different QoE aspects discussed above, there are also different factors that
influence these aspects, their mutual relations and the QoE judgment in general. Ac-
cording to the Qualinet White Paper [34], these factors can be grouped into three cate-
gories: system factors, user factors and contextual factors. System factors include all char-
acteristics of a system (or application or service) that contribute to the “technically pro-
duced quality” [37] of a media presentation. As such, system factors influence the pres-
ence of impairments in the video. In the most general formulation, system factors can
address characteristics of the device on which a video is viewed (e.g., a mobile phone,
PC, tablet or television [38]), of the technological signal variables (i.e., the video format
or parameters in signal processing algorithms [4, 16]) and of the network configuration
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(e.g., buffering time [32, 39]). Contextual factors describe all aspects of the environment
within which the user consumes the media [34], e.g., physical location, economical as-
pects or social context. Finally, a user factor is defined as “any variant and invariant
characteristic of a human user” that influences the viewing experience, such as demo-
graphic, personality, or interest related characteristics [34]. User factors determine for a
large part the user “personality and current state” mentioned in the QoE definition [34].

System factors were investigated thoughtfully in the past since they were used to re-
flect and determine the perceptual quality of a video [33, 34]. However, similar to the
conclusion that perceptual quality alone is not sufficient any more to reflect QoE, we
also need to expand the scope of influencing factors in order to secure optimal QoE as-
sessment in the modern technological and consumer landscape. The user factors as well
as contextual factors were largely overlooked for a long time. In this thesis, we focus on
user factors and investigate their influence on QoE.

There are many user factors that may potentially influence QoE. Taking the user’s in-
terest as an example, sports fans have been shown to tolerate incredibly low perceptual
quality of a video when watching a match of a club they support [29]. Personality is also
found to influence individual video viewing experience [26, 33]. For example, neurotic
people are more likely to be affected by the pressure of being tested and therefore switch
the TV channel or change the volume of the TV much more quickly than agreeable peo-
ple in an experiment [25]. Gender [40], age [41], and affective state [30, 42] have also
been shown to influence visual experiences. Despite these remarkable findings stem-
ming from research fields such as Media Psychology and Human Computer Interaction,
we are still far away from having a full picture of which user factors have a main impact
on video experiences, and the extent to which they interact with system and context fac-
tors. This lack of completeness poses a major obstacle to the design of individual QoE
assessment models.

1.2.3. METHODS TO ASSESS INDIVIDUAL VIDEO VIEWING EXPERIENCE

Like in the general case of QoE, individual video viewing experience can be assessed
either using objective or subjective methods. Objective methods are based on computa-
tional models that link the physical properties of the media system directly to QoE. For
example, poor network conditions (e.g., long buffering time) are assumed to lead to low
QoE [43, 44]. Thus, efforts have been devoted to assessing QoE based on one (or several)
network parameter(s), e.g., buffering time, delay time [32, 39]. Similarly, other methods
focus on video signal quality assessment, operate at a decoded bitstream level to pre-
dict the appearance of impairments (e.g. due to the video codec used) and estimate how
annoying these impairments are for the end user [16, 17, 18].

Subjective methods involve asking users to self-report their QoE with a given video.
To date, they remain the most reliable way to quantify QoE. Subjective methods often
quantify QoE in terms of Mean Opinion Scores (MOS) [11], indicating the average QoE
perception across (a sample of) users. Since the MOS quantifies QoE in a commonly un-
derstandable way [45, 46], it is widely accepted for benchmarking the existing objective
methods [45], which in fact, are in vast majority targeted at predicting MOS. However,
the fact that a MOS is just an average makes it unsuitable for assessing individual video
viewing experience.
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In addition, the QoE research community has developed standardized methodolo-
gies and experimental settings to evaluate QoE subjectively, which are typically tied to
a controlled lab environment [11, 12, 13, 14]. However, with the advent of mobile tech-
nology (smartphones and tablets) and internet-based video delivery, video is nowadays
consumed in very different environments and the video viewing experience should be
studied within realistic usage conditions in order to be properly optimized [5, 47]. Fur-
thermore, a lab experiment usually fails to include a sufficient number and diversity of
users. In order to compensate for these deficiencies, we are building in this thesis on the
increasing effort in the QoE field to evaluate QoE via internet-based tools (e.g., via social
media [48, 49] or crowdsourcing [50, 51]). Studies have shown that an internet-based
experiment can, if carefully designed, lead to results being as reliable as those obtained
in a controlled lab environment [24, 49, 50]. At the same time, it allows to recruit users
from a larger, more diverse group and to let them interact with a video in their real-life
conditions, leading to more representative results [52].

1.3. THESIS OBJECTIVE AND CONTRIBUTION

I N view of the discussion in the previous section, we define the main challenge ad-
dressed in this thesis as to develop a feasible method for predicting the quality of in-

dividual video viewing experiences that considers multiple QoE aspects and multiple
factors influencing these aspects. Specifically, we focus on combining the aspects of per-
ceptual quality and enjoyment and consider a number of different user factors together
with system and contextual factors. We pursue this challenge in three majors steps, each
contributing to answering a specific (set of) research questions.

The first step stems from the need, outlined in Section 2.2, of furthering our under-
standing of how different factors, and specifically user factors, influence different as-
pects of QoE. Here we ask:

1.a. Which user factors influence enjoyment and perceptual quality?
1.b. How do user factors interact with each other and with context and system factors

in forming the final QoE impression?

We investigate these questions in Chapter 2, which reports the outcomes of a large
empirical study investigating the impact of social context and user factors on differ-
ent aspects of the (social) video viewing experience. The contribution of this study is
twofold. First, we show that enjoyment and perceptual quality indeed can be seen as
different aspects of QoE. While users were able to clearly distinguish various levels of
video quality used in our study, these levels did not necessarily affect the user’s enjoy-
ment. Second, user’s enjoyment is shown to be significantly influenced by the level of
interest of the user in the video, the social context as well as the video content (in this
case, the video genre).

With the encouraging results from our empirical study, we move forward to answer-
ing the crucial research question of this thesis:

2. Can we design an objective quality model that, by processing user, system, and con-
text information, is able to predict individual QoE?
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In Chapter 3 we propose a new QoE model that takes different QoE aspects and in-
fluencing factors into account. Our model takes as input not only the information from
the video (i.e., information related to visual impairments and video content), but also
the information from the user (i.e., personality, gender, interest and cultural background
of the specific user who watched the video). The model predicts not only the percep-
tual quality of the video, but also the level of enjoyment that a user experiences with the
video. Most importantly, our model targets at individual viewing experience, i.e., the ex-
perience that a specific user has of a specific video. We validate our model based on the
data we collected from our empirical study as well as another public dataset [26]. The
results show that combining information from video and user enables better QoE pre-
diction performance as compared to only considering information from video related to
visual impairments, both when targeting perceptual quality and enjoyment.

Finally, we tackle the problem of reliable data collection in empirical studies aimed at
investigating individual QoE. Information on user factors (e.g. demographics or person-
ality) is usually collected via self-report questionnaires in lab-based experiments. There-
fore, the data size typically is not big enough for validating an individual QoE predic-
tion model. Since there are not many public datasets available that provide individual
QoE scores (most of them only provide MOS as we explained in section 2.3) and the
corresponding user factors, this lack of data introduces a bottleneck for researchers to
validate our proposed model. In addition, to achieve an automatic QoE prediction by
considering user factors, another big challenge lies in collecting user factors in an unob-
trusive fashion. Here, internet-based data collection can provide a suitable alternative.
Social media, in particular, can provide a platform where to collect unobtrusively (and
of course given the user consent) accurate information on user interest and preferences
[49, 53]. This leads us to formulate our last two research questions:

3.a. Can we use social media as a platform to perform online experiments aimed at
collecting reliable subjective assessments of QoE?

3.b. Can social media-based experimentation support the reliable and unobtrusive
collection of user factor data?

In Chapter 4, we report on how we implemented an open-sourced Facebook appli-
cation, named YouQ, as an experimental platform for studying individual video viewing
experience and collecting user information from social media while performing an on-
line QoE subjective experiment. We show that YouQ can produce reliable results as com-
pared to a controlled laboratory experiment, both in terms of QoE and of quantification
of user factors and traits. It is important to remark here that YouQ was developed follow-
ing strong ethical principles and with great care with respect to privacy aspects. Before
being made publicly available, YouQ has passed the Facebook review process 1. All users
who access it are obliged to read a short introduction (regarding our experimental pur-
pose and our privacy policy) and to give their consent to let YouQ retrieve their personal
information for research purposes only. Users are free to drop out and stop sharing their
information with YouQ at any time. We also made sure that YouQ can be used even when
someone refused to share his/her personal information. All information that YouQ has

1Please find more information at: https://developers.facebook.com/docs/facebook-login/review
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collected is anonymized and can in no way be traced back to a specific user.

The thesis concludes with a reflection on its contributions in Chapter 5 and with
suggestions for future research.

1.4. HOW TO READ THE THESIS

T HE technical part of this thesis, represented by chapters 2, 3 and 4, consists of original
publications that have been adopted in their original form. The publication source

of each chapter is indicated in a footnote on the first page of that chapter. As a conse-
quence of working with original publications, the terminology and notation may vary
across chapters. For the same reason, some sections from different chapters, typically
the introduction and related work sections, may be similar in terms of argumentation
and the material they cover.

1.5. LIST OF PUBLICATION RELATED TO THE THESIS

T HE following papers have been published by the author of the thesis while pursuing
a Ph.D. degree in the Multimedia Computing Group at the Delft University of Tech-

nology. This publications directly serving as chapters of the thesis, or contributing to
thesis chapters, are indicated accordingly in each chapter.

Book Chapters
1. Redi J A, Zhu Y, de Ridder H, et al. How passive image viewers became active mul-

timedia users [M]//Visual Signal Quality Assessment. Springer International Publishing,
2015: 31-72.

Journals
1. Zhu Y, Heynderickx I, Redi J A. Understanding the role of social context and user

factors in video Quality of Experience [J]//Computers in Human Behavior, 2015, 49: 412-
4.

2. Zhu Y, Guntuku S, Lin W, Ghinea G, Redi J. Measuring Personal QoE using Face-
book: A Survey of the State-of-Art and Proposal for Future Direction [J] //The ACM
Transactions on Multimedia Computing, Communications, and Applications 2017

Conference papers
1. Zhu Y, Heynderickx I, Redi J A. Alone or together: measuring users’ viewing ex-

perience in different social contexts [C] //IS&T/SPIE Electronic Imaging. International
Society for Optics and Photonics, 2014: 90140W-90140W-11.

2. Zhu Y, Heynderickx I, Hanjalic A, et al. Towards a comprehensive model for pre-
dicting the quality of individual visual experience [C] //SPIE/IS&T Electronic Imaging.
International Society for Optics and Photonics, 2015: 93940A-93940A-12.

3. Kaptein R, Zhu Y, Koot G, et al. Retrieving Relevant and Interesting Tweets During
Live Television Broadcasts [C] //International Conference on Web Engineering. Springer
International Publishing, 2015: 175-185.
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4. Zhu Y, Hanjalic A, Redi J A. QoE Prediction for Enriched Assessment of Individ-
ual Video Viewing Experience [C]//Proceedings of the 2016 ACM on Multimedia Confer-
ence. ACM, 2016: 801-810.
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ABSTRACT

Quality of Experience is a concept to reflect the level of satisfaction of a user with a mul-
timedia content, service or system. So far, the objective (i.e., computational) approaches
to measure QoE have been mostly based on the analysis of the media technical properties.
However, recent studies have shown that this approach cannot sufficiently estimate user
satisfaction, and that QoE depends on multiple factors, besides the media technical prop-
erties. This chapter aims to identify the role of social contextual and user factors (such
as interest and demographics) in determining quality of viewing experience. We also in-
vestigate the relationships between social context, user factors and some media technical
properties, the effect of which on image quality is already known (i.e., bitrate level and
video genre). Our results show that the presence of co-viewers increases the user’s level
of enjoyment and enhances the endurability of the experience, and so does interest in the
video content. Furthermore, although participants can clearly distinguish the various lev-
els of video quality used in our study, these do not affect any of the other aspects of QoE.
Finally, we report an impact of both gender and cultural background on QoE. Our results
provide a first step towards building an accurate model of user QoE appreciation, to be
deployed in future multimedia systems to optimize the user experience

2.1. INTRODUCTION

O NLINE video services show a continuous growth. By 2010, over 71% of internet users
had watched videos online, and this number grew from 33% in 2006 [40]. These

figures are forecasted to further grow in the coming years [9, 40]. With a constantly in-
creasing volume of streamed video data, maintaining a satisfactory video service to users
at all times is challenging for internet and multimedia providers. Due to different tech-
nological limitations (e.g., bandwidth and storage constraints, network malfunctioning),
visible artifacts (e.g., blockiness or blur due to compression, freezes or jerkiness due to
transmission errors) can be introduced to any stage of the video delivery cycle [46, 59].
This, in turn, can severely degrade the user’s satisfaction, and evidence shows that users
intend to pay less if a service cannot meet their expectations [43, 65]. As a consequence,
online video providers are eager to find ways to measure and predict user’s satisfaction
with videos in order to optimize their video delivery chains.

Quality of Experience (QoE) is a concept commonly used to describe user’s overall
satisfaction [34], reflecting the degree of delight or annoyance of a user with a (multime-
dia) system, service or application. In the past decades, user’s satisfaction with videos
has been estimated mainly from a technical perspective, i.e., based on either the infor-
mation gathered from the network and service conditions or from image and video anal-
ysis [55]. From a network management perspective, the concept Quality of Service (QoS)
has often been equated to QoE. Here, network parameters, such as packet loss or delay
[2], as well as video QoS parameters, e.g., the so-called join time at the start of playing
the video or the buffering time during the video [15], were monitored; their compliance
to given standards was considered enough to guarantee sufficiently high QoE. The sig-
nal processing community has instead relied more often on the analysis of information
extracted from the decoded image/video signal to estimate the visibility of artifacts in it
[24, 36]. Artifact visibility was considered to be inversely related to perceptual quality,
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and therefore to user satisfaction [7]. In both cases, user satisfaction was mainly associ-
ated to technical properties of the multimedia signal, service or system.

Lately, research has shown that this approach has limitations, and that other ele-
ments concur to guarantee user satisfaction when watching video [34, 66]. For example,
recent studies claimed that QoE should also be considered from a user perspective [13]:
evidence has been provided that user’s interest [32] and personality [60] influence QoE
too. Such findings reveal the complexity of QoE: it is a combination of many influencing
factors, not limited to QoS parameters nor artifact visibility.

Influencing factors on QoE are often grouped into three categories, i.e., system, user
and contextual factors [34]. System factors concern the technical aspects of a multime-
dia system (e.g., network parameters, media genre, media configuration). User factors
refer to individual characteristics of the user who is experiencing the video (e.g., demo-
graphics, personal interest or personality). Contextual factors refer to the characteristics
of the environment within which the video experience is consumed (e.g., physical fea-
tures of the environment, economical factors related to the video fruition, presence or
absence of co-viewers). As mentioned earlier, most research in the field has focused
on system factors, leaving the contribution of user and contextual factors largely unex-
plored. However, the rise of online video fruition has created a shift from a passive view-
ing experience to a more active, personalized and shared experience, changing the tra-
ditional television market considerably [58]. Compared to traditional TV users who just
watch scheduled programs, internet users are free to choose the content they want, at
any point in time and space they want, through a variety of devices (e.g., tablets, smart-
phone or computers). Thus, it is expected that personal characteristics as well as context
of fruition will play an important role in such viewing experiences. Moreover, the rise of
social media has led to a new type of social viewing experience, where preferences for
video content are clearly reported on social media platforms (through comments and
ratings), and are visible to the rest of the (vast) online community. The social context in
which the video is experienced is therefore expected to play a key role in the eventual
user satisfaction.

As the optimization of online video watching requires a more in-depth understand-
ing of the impact of user and contextual factors on QoE, we here want to contribute
to the generation of this knowledge by considering the impact of social context in par-
ticular. Interestingly, very little is known about how social context (1) relates to QoE
and (2) combines with system and user factors to determine the final user satisfaction
with the viewing experience. We specifically focus on what we define as “direct” social
context, that is, the presence or absence of co-viewers in the physical proximity of the
user. We report the outcomes of an empirical study looking into the role played by di-
rect social context in determining QoE when given system factors (i.e., video genre and
bitrate) are in place. Furthermore, we analyze the interactions of direct social context
with user influencing factors such as demographics, interest in the video genre and im-
mersive tendency. We measure six different aspects of the viewing experience, namely
perceptual quality, enjoyment, endurability, satisfaction, involvement and information
assimilation. The outcomes should support building an accurate objective model for
QoE on the longer term.

This chapter continues by presenting the related work in section 2.2, which we re-
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viewed to define the hypotheses for the empirical study as described in section 2.3. We
then outline our experimental methodology in section 2.4, followed by the analysis of
the results in section 2.5. We discuss our findings in section 2.6, leading to the most
important conclusions in section 2.7.

2.2. RELATED WORK

I N the past decades, the effectiveness of multimedia services has been linked to the no-
tion of Quality of Service (QoS), defined as the “totality of characteristics of a telecom-

munication service that bears on its ability to satisfy stated and implied needs of the
user of the service” [50]. QoS is mainly operationalized in terms of system and network
performance-related measures (e.g., packet loss ratio, jitter or delay). This approach has
started showing its limitations, and was found to be poorly correlated to user satisfaction
[6]. As a result, the Quality of Experience concept has emerged, being defined as “the
overall acceptability of an application or service, as perceived subjectively by the end-
user” by ITU-T [56]. Compared to QoS, the notion of QoE has taken a user-centric per-
spective, now keeping user perception into consideration. Remarkable work has been
done in estimating QoE from a perceptual point of view [24, 36].

Recently, the Qualinet White Paper [34] has proposed an even more compelling def-
inition of Quality of Experience:

“Quality of Experience (QoE) is the degree of delight or annoyance of the user of an
application or service. It results from the fulfillment of his or her expectations with re-
spect to the utility and / or enjoyment of the application or service in the light of the user’s
personality and current state”.

Although both the ITU-T and the [34] definitions describe a similar concept, the lat-
ter seems more complete than the one of ITU-T, as it emphasizes how user-related fac-
tors, e.g., personality and current state, may have an impact on QoE. Given the evidence
of the importance of such factors in properly estimating QoE (which will be explained in
detail in section 2.2.1), we use the Qualinet definition as operational definition of QoE
throughout this chapter.

2.2.1. FACTORS INFLUENCING QOE
Quality of Experience is a multifaceted quality, resulting from the interaction of multi-
ple influencing factors, which are reviewed here in more detail, although not in an ex-
haustive way. As shown in Table 2.1, these factors can be arranged into three categories,
namely system factors, user factors and contextual factors [34].

System factors refer to the system, application and media “properties and character-
istics that determine the technically produced quality of an application or service” [28].
Within video delivery services, system factors can influence QoE by altering the percep-
tual quality of the video [55]. For example, a given type of compression (e.g. H.264/AVC),
aiming at obtaining a given bitrate for the video, possibly generates compression arti-
facts (e.g. blockiness, blur and ringing), which, if visible, result in annoyance for the
user, lowering his/her satisfaction. Similarly, network QoS parameters [15], and the me-
dia configuration [22] are known to have an impact on QoE. For example, it has been
shown that the buffer ratio (i.e., the fraction of time spent in buffering over the total ses-
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sion time, including playing plus buffering) is inversely related to QoE [15], and similar
conclusions were reached for other QoS parameters, such as the join time in multicast
video delivery, the buffering duration, the rate of buffering events, the average bitrate
and the packet loss rate [27, 39]. Besides the signal/network factors, user’s QoE with
video also may be influenced by the nature of the video content itself [3]. Different gen-
res (e.g., sports, comedy, etc.) show very different viewing patterns which may result in
different perceptual quality. Given a certain bitrate, for example, genres characterized
by high pace movement (e.g., sports or action film) usually have lower perceptual qual-
ity than genres which contain little movement [25]. Moreover, it has been shown that
user’s active emotions (e.g., worry, fun) were significantly higher when watching action
videos compared to other genres, e.g., documentary, sports [48, 54].

Table 2.1: Factors influencing QoE discussed in this section

System factors User factors Contextual factors
Signal and networkparameters [1-3] Interest [8, 9] Physical environment [19]

Genre [5] Personality [10] Economic aspects [20]
Demographics [14, 15] Social situation [21-23]

User factors refer to individual characteristics of the user that may influence the
viewing experience. Some studies indicate that QoE is triggered when something res-
onates with a user’s interest [44] and that personal interest in video content significantly
influences user’s QoE judgment [32]. Moreover, it is shown that users tend to value a
video with the same bitrate as higher in QoE when they are more interested in the con-
tent of the video [47]. Personality is shown to influence at least the user performance part
of QoE. Neurotic people are less able to switch the TV channel or change the volume of
the TV on their first attempt compared to agreeable people and/or people with techni-
cal competence or enthusiasm [60]. Demographic characteristics of the user (e.g., age,
gender and cultural background) are also expected to influence QoE. At least for age,
there is evidence in literature: older adults are found to be more critical than younger
users, which suggests that elderly people may have higher requirements for QoE [64].
However, another study demonstrates the opposite trend: older users tend to rate video
quality more positively than younger users, although the performance is worse [43]. Sim-
ilar scattered results exist for gender [4, 26, 42], and no systematic investigation has been
carried out, to the best of our knowledge, to clarify the role of demographic characteris-
tics in QoE appreciation.

Contextual factors are related to the environment in which the user consumes the
media. The physical environment certainly influences QoE through a number of el-
ements, and should be characterized accordingly. The seating position (e.g., viewing
distance and viewing height), lighting conditions as well as disturbances that occur in
the environment a viewer is in (e.g., incoming phone calls or SMS message alerts) may
influence user experience. Viewing distance for example is known to affect the overall
perceptual quality: a shorter viewing distance increases the field of view, and makes the
viewer more involved with the content, but may make artifacts better visible as well [61].
Economic aspects related to the experience fruition also contribute to generate expec-
tations with respect to its quality; when unfulfilled, they may have critical consequences
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on the willingness of the user to repeat the experience. [29] showed that when users feel
they are overpaying for the service in regard to the quality of the experience, they react
in different ways, which all eventually lead to a decrease in revenues for the operator of
those customers.

In this chapter we mainly focus on one particular contextual factor, namely the social
context within which a video is seen. It is well known that a user is affected by the inter-
action with a group of other people [52], being them family, friends or even strangers. In
fact, it has been shown that co-located co-viewing (which is a rather common way for
consuming TV programs [41]) may increase user’s overall satisfaction with the program
[45]. The social element of the viewing experience stretches even further, with users
recording their favorite programs and sharing them with families and friends [33], or
with people using their viewing experience as a conversation topic [35]. Recently, a con-
cept of “social TV” has emerged: it provides multiple viewers with a joint TV-watching
experience by adding communication features [8]. User studies of social TV have con-
firmed the high acceptance of such technology, because it allows users to communicate
with friends even when they are not physically co-located [18]. All these results point
towards a growing importance of quantifying the relevance of the social context in QoE.
Yet, limited research reports this relevance, and does not discuss its relationship with the
other user and system factors listed above.

2.2.2. EXISTING APPROACHES TO MEASURE QOE
QoE has been historically measured in two ways: objectively and subjectively. Objective
QoE assessment entails the estimation of QoE from the analysis of a set of system/signal
parameters, in a way that is completely automated and does not involve human judg-
ment directly, e.g., [17, 24, 30, 36]. These measurement techniques, also often referred to
as quality metrics, are certainly preferred for online multimedia delivery optimization,
and have proven to be effective at relating QoE to system factors. On the other hand,
they have shown limitations in taking into account user and contextual factors to QoE
[51, 57]. To design objective metrics that can properly reflect the influence of contextual
and user factors on QoE judgments, these relationships first have to be characterized
from an empirical point of view. For this type of investigation, subjective measurements
are more appropriate.

Subjective QoE assessment is based on asking users to self-report their (perceptual)
satisfaction with respect to a set of multimedia contents. To date, this approach is still
considered to be the most reliable way to quantify QoE. Subjective ratings are often col-
lected via psychometric experiments [16] and aim at measuring the satisfaction of an
average user with respect to a given stimulus (e.g. video). As a result, subjective QoE is
often expressed in terms of Mean Opinion Scores (MOS), quantifying the average rating
according to a specific aspect of QoE. The image and video quality community, for exam-
ple, has made use of standardized methodologies and experimental settings to quantify
the annoyance of visible artifacts and/or the perceptual quality of a video [49].

In fact, many studies are based on the analysis of MOS of perceptual quality (PQ) to
understand the relationship between QoE and influencing factors. Some studies suggest
that the measurement of QoE should be complemented by a measurement of the level
of enjoyment of the experience, which reflects how much happiness or fun a user gets
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from the videos [21, 23]. Gulliver and Ghinea [23] also proposed to take into consider-
ation user’s level of Information Assimilation (IA). IA, reflecting the level of comprehen-
sion of video content, is used to measure a user’s ability to understand and assimilate
information from videos; as the authors argue that media are consumed for infotain-
ment purposes, both the entertainment and the informative capabilities of the viewing
experience should be evaluated in QoE assessments. More aspects that may characterize
QoE have been suggested in literature, but have not been investigated directly in relation
to multimedia optimization. Recently, the term “endurability” has been used to describe
the consequence of satisfaction; it refers to the extent to which users remembered the
experience as enjoyable, were willing to repeat it and/or advise it to others [44]. We may
say that endurability measures the outcome of high QoE: favorably impressed users will
be more willing to repeat and share the experience, as well as use the multimedia sys-
tem/service. As such, we consider endurability as a valuable business-oriented mea-
surement of QoE. Another concept related to QoE is involvement, which occurs when a
user is psychologically immersed in a video. Involvement has been shown to be posi-
tively correlated to the experience likeability [44]. Thus, involvement can be considered
as a supplementary measure of QoE. Recently, also affect-related measures (e.g., emo-
tion or mood) have received increasing attention in QoE research [1, 11]. It has been
shown that a positive mood (e.g., joy) relates to the experience of enjoyment and sat-
isfaction, whereas a negative mood (e.g., frustration) relates to poor experiences and
eventually leads to disengagement with the service [44].

The measures of QoE , as discussed above, have been administered in different forms,
i.e., by means of self-report [12, 54], via interviews [14] or with physiological measure-
ments, such as facial expression, galvanic skin response and EEG [1, 11]. It should be
pointed out here, that besides for PQ, no standardized methods exist for capturing all
the listed aspects of QoE. Hence, to broaden the concept of QoE from a measure of per-
ceptual satisfaction to that represented in the Qualinet QoE definition we adopted, com-
plementary aspects of QoE should be measured, which we propose to do by including
attributes as perceptual quality, enjoyment, satisfaction, endurability, involvement and
information assimilation.

2.3. RESEARCH QUESTIONS AND HYPOTHESES

B ASED on the literature overview given in section 2.2, we formulate three research
questions:

1. What is the effect of direct social context on QoE?
2. How is the impact of system factors on QoE affected by the direct social context?
3. How is the impact of user factors on QoE affected by the direct social context?
To answer these research questions, QoE is measured along the six attributes, men-

tioned above: perceptual quality, enjoyment, satisfaction, endurability, involvement and
information assimilation. The system factors considered are video genre and compres-
sion bitrate, and the user factors studied are immersive tendency, user interest and de-
mographics. The direct social context is defined here as the presence/absence of physi-
cally co-located co-viewers.

Since it has been shown that users enjoy each other’s company and that co-viewing
can increase their level of enjoyment while watching TV [45], we formulate our first hy-
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pothesis as:
H1. The presence of co-viewers increases the user’s QoE.
It is generally known that video bitrate affects perceptual quality [27, 39], and so, also

QoE; the lower the bitrate level, the lower PQ, and thus QoE. It is, however, not known
to what extent the lower QoE may be balanced out by the presence of co-viewers. But,
since we hypothesize that co-viewing increases QoE, we also hypothesize that:

H2a. The presence of co-viewers increases the user’s tolerance to artifacts present
in low bitrate videos.

In addition, we may expect that the effect that co-viewing has on QoE depends on
the preference of users to watch a particular video genre alone or in company. Hence,
we hypothesize that:

H2b. The increase in QoE by co-viewers is bigger for video genres that are preferred
to be watched in group than for video genres that are preferred to be watched alone.

Related to the third research question, literature suggests a direct impact of user fac-
tors, such as user interest, immersive tendency and demographics, on QoE. For exam-
ple, previous studies indicated that the higher level of interest of a user with a video, the
higher he/she rates experience satisfaction [47], which is expected to be part of QoE.
Hence, we hope to confirm the hypothesis:

H3a. User interest positively correlates with user’s QoE.
The immersive tendency of a user quantifies how easily he/she gets involved in com-

mon activities, and so was often used to measure involvement in virtual reality studies
[62]. Similarly, it is expected that a user who has high immersive tendency becomes
more involved when watching videos. In addition, evidence shows that a high level of
involvement leads to high satisfaction [44], and so, high QoE. Hence, we hypothesize:

H3b. The higher the immersive tendency of a user, the higher the involvement
with the video, and thus the higher the QoE.

Related to demographic factors earlier studies showed that males and females react
differently to emotional pictures [5] and have different perception of olfactory and vi-
sual media synchronization [42]. Some impact of age on QoE has been demonstrated,
though not all reported results in literature were consistent [43, 64]. Finally, users with a
different cultural background usually have a different understanding of experience, and
thus may perform differently toward a same task [38]. As a consequence, it is reasonable
to expect that optimal QoE settings may depend on these demographic factors. Thus,
we hypothesize:

H3c. Gender, age and cultural background have an impact on QoE.
Also in relation to the user factors under consideration in our study, it is not known

to what extent their impact on QoE is affected by the direct social context of watching
the video alone or in group. We may though expect that group processes are more im-
portant than personal interest or immersive tendency when judging QoE of watching TV
with others. Consequently, we expect QoE to be more affected by the user factors under
evaluation when watching the videos alone than in group, leading to the hypothesis:

H3d. The positive impact of personal interest and immersive tendency on QoE is
more pronounced when watching the videos alone than in group.

To evaluate the above mentioned hypotheses, we designed an empirical study, con-
trolled for the social context and for the system factors video genre and bit rate. We
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Table 2.2: Overview of the experimental setup. V indicates the Video Clip tested; S indicates a group of
participants that watched the video in the single viewer’s condition; G indicates a group of participants that

watched the video with groups of 3 people. The effect of social context and video bitrate level are investigated
between subjects, whereas the effect of genre is investigated within subjects.

Genre1 Genre2 Genre3
V1 V2 V3 V4 V5 V6

High Bitrate
S1 S2 S1 S2 S1 S2
G1 G2 G1 G2 G1 G2

Low Bitrate
S2 S1 S2 S1 S2 S1
G2 G1 G2 G1 G2 G1

measured QoE along six dimensions, and characterized the participants along the user
factors interest, immersive tendency and demographics.

2.4. EXPERIMENTAL SET-UP

T O test our hypotheses, we created two real-life viewing situations with varying direct
social context. In the first situation, single users (hereafter indicated with S, shown

in Figure 2.1.a) watched the videos alone (i.e., absence of direct social context). In the
second one, a group of three friends (hereafter indicated with G, shown in Figure 2.1.b)
watched the videos together. Participants who were involved in one social situation (e.g.,
single) were not presented with the other situation (e.g., group). As a result, we investi-
gated social context as a between-subjects variable.

Figure 2.1: The two different social contexts investigated in the experiment. In viewing situation (a), a single
participant watched videos on a 41” screen from a couch 3 meters away. In viewing situation (b), three

participants, friends, watched the same video together in the same environmental conditions

Six videos distributed over three genres (i.e., comedy, sports and education) were
used in our study. All videos were encoded at two quality levels (i.e., high and low). Par-
ticipants within each social context were further divided into two sub-groups (S1 and S2,
or G1 and G2, as shown in Table 2.2). Within each sub-group, participants watched the
video content only once, at a quality level that was either high or low. As a result, the
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effect of bitrate level was investigated as a between-subjects variable, while video genre
was investigated as a within-subjects variable.

2.4.1. PARTICIPANTS

Sixty participants (i.e., 27 females and 33 males) from the Delft University of Technol-
ogy (TUD) were recruited for this experiment. The participants’ age ranged between 18
and 41 years (mean age = 26.5). Over half of the participants (60%) were of Asian origin,
whereas the rest was from Western countries (i.e., European or American). It should be
noted that only 9 participants (i.e., 15%) were English native speaker, but since an En-
glish proficiency certification is needed to be a student at TUD, we were confident that all
participants had a sufficient English level to understand the video content as well as the
questions posed for the measurements. Fifty-two participants (i.e., 88%) were frequent
online video users (i.e., watching online video at least several times a week). YouTube
and social websites (e.g., Facebook, twitter etc.) were the platforms most commonly
used for consuming online video.

Figure 2.2: Results of the online survey on preferred social context for watching (a) comedy, (b) education and
(c) sports videos. The white area in the pie plots indicates preference for watching alone, the greenish area

indicates preference for watching with friends, and the grey area indicates that it doesn’t matter.

2.4.2. STIMULI

Three different genres of video were used in this study. We first conducted a pilot survey
to select these genres. We listed fifteen of the most common genres for online video (as
indicated e.g. in YouTube), and for each genre, we asked participants to choose whether
they preferred watching it alone or with friends; if they were not sure, they could also
choose “it doesn’t matter”. We received 80 responses from PhD students of TUD. A clear
preference (as in gathering over 50% of the choices) was found for two genres, as shown
in Figure 2.2: 51% of our participants indicated a preference for watching comedy videos
with friends, and 61% of the participants indicated to prefer watching education videos
alone. The ‘sport’ genre, characterized by not obtaining a clear consensus for the pre-
ferred viewing situation (see Figure 2.2.c) was also used in our study.

We selected 2 different clips from each of above three genres (screenshots are given
in Figure 2.3): the Jimmy Kimmel Show (JKS) and Saturday Night Live (SNL) for com-
edy, The Birds of Paradise (BoP) and a TED talk (TED) for education, and Soccer and
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Basketball for sports1.
All videos lasted at least 5 minutes and originated from YouTube. They were encoded

with H.264/AVC, which is the most commonly used codec for online videos (Schwarz
2007). All the original videos had a temporal resolution of 30 frames per second (fps)
and a spatial resolution of 1280*720 pixels. Videos were further encoded in H.264/AVC
at two different bitrates: high (2000 kbps) and low (600 kbps). The reason to choose
only two bitrate levels is that the relationship between video bitrate and QoE (or rather
perceptual quality) has been largely investigated in the past, and it was not our interest
to retrieve it or further characterize it; rather, we wanted to focus on the changes in QoE
due to user and contextual factors, given a certain bitrate level. It should be noted that
the original bitrate of the BoP and TED videos was less than 2000 kbps. So for these two
videos, we used the original video bitrate as the high quality value. The audio of all clips
was encoded in the AAC format (ISO/IEC, 2005) with a bit rate of 112 kbps to avoid any
effect of the sound on QoE.

Finally, three 10s-long video samples were used for training the participants. The me-
dia configuration of these samples was the same as for the test videos (30 fps, 1280*720,
H.264/AVC). The samples were also encoded at two bitrate levels (i.e., high and low).
These samples were used to let participants get acquainted with the range of video qual-
ity used in the experiment.

Figure 2.3: Screenshots of the six video clips tested: The Jimmy Kimmel Show (JKS) and Saturday Night Live
(SNL) for comedy, The Birds of Paradise (BoP) and a TED talk (TED) for education, and Soccer and Basketball

for sports.

1JKS, available at: http://www.youtube.com/watch?v=qc9fh-GcjMY&hd=1
SNL, available at: http://www.youtube.com/watch?v=eweXwtMIj5I&hd=1
BoP, available at: http://www.youtube.com/watch?v=YTR21os8gTA&hd=1
TED, available at: http://www.youtube.com/watch?v=H14bBuluwB8&hd=1
Soccer, available at: http://www.youtube.com/watch?v=xFVtb4G_pic&hd=1
Basketball, available at: http://www.youtube.com/watch?v=5OOqQ8YwLk4&hd=1
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2.4.3. APPARATUS

All videos were presented on a 41” LCD display (LG, model No. 42LM3400). Participants
were seated on a couch in front of the display. The viewing distance was 6 times the
height of the screen (i.e., approximately 3 meters) in order to satisfy the preferred view-
ing distance [49]. The rest of the environmental settings followed the ITU-R BT.500 Rec-
ommendations and was kept the same for all participants. All of the display parameters,
such as brightness and contrast, were set to their default value for the experiment. The
audio volume was kept constant for all participants. Participants used a tablet (Samsung
Galaxy Tab 2) to fill in all the questionnaires.

Table 2.3: An overview of the three questionnaires used in our study

Questionnaire Aspect
Number of

Measure scale
D*

Questions /I

UF questionnaire
Demographics 9 – I

Interest on genre 3 7-point Likert I
Immersive Tendency 18 [4] 7-point Likert I

QoE questionnaire

Enjoyment 4 [6] 7-point Likert D
Endurablility 4 [8] 7-point Likert D
Satisfaction 4 [6] 7-point Likert D
Involvement 4 [12] 7-point Likert D

Perceptual Quality 2 [13] 7-point Likert D
IA Questionnaire Information Assimilation

24 [18] True-False D
Questionnaire Assimilation

*D stands for Dependent variable, I stands for Independent variable.

2.4.4. MEASUREMENTS

Although physiological measurements are gaining interest in QoE research, we nonethe-
less decided to fully rely on questionnaires, since we wanted the QoE measurements
to be as unobtrusive and ineffective in changing the user experience as possible. As
shown in Table 2.3, three questionnaires were used. The User Factor (UF) questionnaire
included nine questions about demographics (i.e., name, age, gender, cultural back-
ground, primary language, educational background, frequency of use of online video,
favorite platform and genre); three questions about personal interest on the genres we
used in our study, and eighteen questions about immersive tendency, mainly adapted
from the Immersive Tendency Questionnaire (ITQ), [62]. Both user interest and immer-
sive tendency were measured on a 7-point scale. Eventually, the UF questionnaire con-
sisted of 30 questions.

The QoE questionnaire measured user’s viewing experience in terms of satisfaction,
involvement, enjoyment, endurability, and perceptual quality (PQ). Information assim-
ilation was measured with a separate questionnaire. Satisfaction and enjoyment were
measured through subsets of the questionnaire proposed by See-To [54]. Involvement
was measured through an adapted version of the Igroup Presence Questionnaire [53].
Items from O’Brien’s questionnaire [44] were used to measure endurability. Each of these
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four aspects was quantified through 4 items to be rated on a 7-point Likert scale. Per-
ceptual quality was instead measured through 2 questions (i.e., one for the annoyance
of artifacts, and another one for the overall video quality) to be rated on a 5-point scale,
according to the ITU-R BT.500 [49] specification. Eventually, the questionnaire consisted
of 18 items.

The information assimilation (IA) questionnaire was made of 24 yes-no questions
(i.e., 4 per video), and was used to evaluate the participant’s level of information assim-
ilation with each video. This questionnaire was generated based on a pilot experiment.
We made 10 content questions for each video used in our study and asked two partic-
ipants to answer these questions after watching all videos. In principle, all questions
could be answered by carefully watching the video, but in practice they weren’t. We in-
cluded in the final IA questionnaire only the questions that two participants answered
differently or both answered wrong to ensure some discriminative power on these ques-
tions across the different viewing conditions.

2.4.5. PROCEDURE

Firstly, participants were welcomed and asked to sign an informed consent form. They
were then seated on a couch in front of the LCD display and asked to fill out the UF ques-
tionnaire by using a tablet. Before the start of the actual experiment, an introduction was
given to all the participants. In this introduction, six 10-second video samples (spanning
a broad range of visual quality) were shown and a questionnaire sample was provided to
let participants get acquainted with the range of artifact visibility in the videos and with
the scoring scales of the questionnaires. After that, participants watched the six videos in
a random order. Following the presentation of each video clip, participants were asked
to fill out the QoE questionnaire. The next video was not played until all participants in a
session completed the questionnaire. The items in this questionnaire were randomized
for each participant. After the complete viewing session, participants were asked to fill
out the IA questionnaire. We deliberately chose this timing, since we tried to avoid that
participants would pay an unnatural amount of attention to the content of the video,
once they discovered that we would ask detailed questions about the content. This, in-
deed, would have influenced their experience with following videos. It’s important to
note that participants were asked to fill out all the questionnaires by themselves through
a tablet and, those in the group viewing situation, were not allowed to interact with their
friends during the phase of answering questions. Interaction was instead welcomed dur-
ing the phase of watching the videos.

2.5. RESULTS

2.5.1. DATA PREPARATION

Before discussing our results in more detail, we performed a number of bias checks on
the distribution of our participants over the two social contexts, i.e., participation in the
single vs. group viewing situation. Note that for some variables such as interest, immer-
sive tendency and some demographic data, values of one participant contributing to the
group viewing situation were missing. Thus, where applicable, the results of only 59 in-
stead of 60 participants are reported. In addition, since we weren’t interested in possible
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differences in QoE between the two videos of a particular genre, all analyses described
below concern the averaged results over the two videos per genre.

UF QUESTIONNAIRE

The UF questionnaire outputted (a.o.) immersive tendency scores for all participants.
For each of them, the immersive tendency value was obtained by summing up the scores
of the 18 items in the questionnaire [62]. All participants scored within the normal range,
with a mean immersive tendency score of 81.5, in line with the value of 78.7 found in [37].
We inspected the presence of a bias between the two groups of participants (i.e., single
vs. group social context) through an independent-samples Mann-Whitney U-test. No
significant difference was found between the two social situations (U=13770, p=0.49),
suggesting that the distribution of immersive tendency at the start of the experiment
was similar in the two groups of participants.

From the UF questionnaire, we also obtained user interest scores on 3 genres (i.e.,
comedy, education and sports). The mean interest of comedy (mean = 5.2) and educa-
tion (mean = 4.8) was higher than that of sports (mean = 3.2). We ran an independent-
samples Mann-Whitney U-test on the interest scores between the two viewing situations
(i.e., single vs. group). No significant difference was found (U=15153, p=0.593), suggest-
ing that the distribution of user interest was similar for the two groups of participants.

QOE QUESTIONNAIRE

The QoE questionnaire consisted of five sub-questionnaires (see Table 2.3), each ad-
dressing a different aspect of QoE: satisfaction, involvement, enjoyment, endurability
and perceptual video quality. We first tested the internal consistency between items
in each sub-questionnaire, using Cronbach’s alpha (α) [10]. Usually values of α above
0.8 represent high reliability, i.e., the different items in each aspect measure the same
underlying psychological construct. As shown in Table 2.4, for four of the five sub-
questionnaires,αwas higher than 0.82, indicating high internal consistency. Theα value
of perceptual quality (PQ), on the other hand, was lower than 0.8, indicating that the two
items included in the sub-questionnaire investigated a slightly different concept.

Table 2.4: Internal consistency measured by Cronbach’s alpha among items in each aspect of the
questionnaire

Aspects Enjoyment Involvement Satisfaction Endurability PQ
Chronbach’s α 0.917 0.82 0.961 0.939 0.773

As a result:

• For satisfaction, involvement, enjoyment and endurability, we summed the scores
given by a participant to the different items in each sub-questionnaire to generate Aspect
Scores (AS, one per aspect, video and participant). AS ranged between 4 and 28.

• For PQ, we instead decided to analyze the Opinion Scores (OS) separately for the
two aspects. As a results, PQ was characterized by two OS per video and participant.

To investigate mutual relationships between the six different aspects of QoE (i.e.,
4xAS + 2xOS), we calculated Spearman rank order correlations between them. As shown
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Table 2.5: The Spearman rank order correlations between all aspects of the QoE questionnaire. Here OS1
represents the opinion score of artefact annoyance in the video and OS2 represents the opinion score of

overall perceptual quality.

QoE measures OS1 OS2 Enjoyment Satisfaction Endurability
OS2 0.617**

Enjoyment 0.222** 0.280**
Satisfaction 0.305** 0.381** 0.889**
Endurability 0.253** 0.344** 0.868** 0.873**
Involvement 0.179** 0.240** 0.615** 0.643** 0.582**

in Table 2.5, all aspects were significantly correlated with each other (p<0.001). Enjoy-
ment, satisfaction and endurability showed a strong correlation (r>0.85), and were all
only moderately correlated with involvement (0.58<r<0.64). The two PQ items (OS1 and
OS2 in Table 2.5) were also moderately correlated with each other (r = 0.62), but poorly
correlated with the rest of the QoE aspects. In other words, enjoyment, satisfaction and
endurability seem to measure a very similar aspect of QoE. They are related to involve-
ment, although not to the full extent. Picture video quality has some influence on the
other QoE measures, albeit to a limited extent. Despite these results, we still analyzed all
aspects of QoE separately in more detail in all following analyses.

INFORMATION ASSIMILATION QUESTIONNAIRE

The IA questionnaire outputted information assimilation scores (IAS). This IAS was cal-
culated as the percentage of correct answers a participant gave for a video. We first
did a k-independent samples Kruskal-Wallis test among all IAS scores, setting genre as
independent variable. As shown in Figure 2.4, genre had a significant impact on IAS
(χ2=22.093, p<0.001) suggesting that participants’ ability of getting right information
varied among the different genres. In general, IAS of comedy videos was significantly
higher than that of education (U=5153.5, p<0.001) and sports (U=5093, p<0.001) videos.

Figure 2.4: The information assimilation for the three different genres. Here the Y-axis represents the mean
percentage of correct answers for all participants. Comedy videos were on average better understood than

education and sports videos.
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Figure 2.5: The mean AS, OS and IAS for the two social situations and three video genres: (a) the mean AS of
enjoyment, (b) the mean AS of endurability, (c) the mean AS of involvement, (d) the mean AS of satisfaction,

(e, f) the mean Opinion Scores of the two PQ items, and (g) the mean IA. The white bars give the score for
group viewing, while the yellow bars give the score for single viewing. The scores for the three genres (i.e.,

comedy, education and sports) are shown in three separated columns
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2.5.2. THE IMPACT OF SOCIAL CONTEXT ON QOE AND ITS INTERACTION

WITH SYSTEM FACTORS

The impact of social context on QoE is visualized in Figure 2.5 for the 4 AS, the 2 OS
and the IAS in separate graphs. Each graph directly compares the scores for group view-
ing to the scores for viewing alone for each of the three genres of video separately. As
some of the dependent variables were not normally distributed, we investigated whether
the observed differences were significant using the non-parametric factorial analyses on
aligned rank data [63]. Here bitrate level and social situation (i.e., single or group) were
set as between-subjects factors, whereas video genre (i.e., comedy, education or sport)
was investigated as within-subjects factor. The QoE measurements (i.e., the aggregate
AS of endurability, enjoyment, involvement and satisfaction, as well as the two OS of PQ
and the IAS) were the dependent variables. All the 2-way interactions among the three
factors (i.e., social situation, bitrate level and video genre) were included.

The results show that the social situation significantly influenced user’s enjoyment
(F(1,116) = 4.228, p = 0.042) and endurability (F(1,116) = 4.231, p=0.042). As shown in
Figures 2.5.a and 2.5.b, participants that watched the videos in group rated enjoyment
and endurability of the video experience higher than those participants who watched
the videos by themselves. There was no significant interaction between social situation
and genre for enjoyment (F(2, 232)=0.821, p=0.441) and endurability (F(2,232)=0.577,
p=0.562), implying that the increase in both AS when watching the videos in group was
independent on the genre of the videos. No significant effect of social situation on in-
volvement was found, however we did find a significant interaction between social sit-
uation and genre (F(2, 232) = 3.141, p = 0.045), suggesting that user’s involvement in
different social situations varied with video genre. To better understand this interaction
effect, the data was split up per video genre, and the Mann-Whitney U-tests were per-
formed with only social situation as the independent factor. The results, presented in
Figure 2.5c, show that people who watched the sports videos with friends were signifi-
cantly less involved in the video than those who watched these videos alone (U = 1383.5,
p = 0.028). We didn’t find a significant difference between the two social situations for the
education and comedy videos on involvement (U = 1665.5, p = 0.479 and U = 1622.5, p =
0.350 respectively). We also didn’t find a significant effect of social situation on satisfac-
tion (F(1,116) = 1.277, p = 0.261) and information assimilation (F(1, 116)= 0.054, p=0.817),
while both QoE aspects also did not show a significant interaction between social situa-
tion and video genre.

No significant effect of social situation on PQ was found (for OS1: F(1,116)=0.182,
p=0.67 and for OS2: F(1,116)=2.312, p=0.131, shown in Figures 2.5.e and 2.5.f), indicat-
ing that the sensitivity of participants to artifacts in the video was not affected by the
presence of co-viewers. Conversely, a significant effect of bitrate level was found on both
PQ items (for OS1: F(1,116)=51.225, p<0.001 and for OS2: F(1,116)=101.855, p<0.001). As
shown in Figure 2.6, participants clearly recognized the 600 kbps videos as having lower
quality and more visible artifacts than the 2000 kps videos with the same genre, inde-
pendent on the presence or absence of co-viewers.

So, our hypothesis H1 is confirmed at least for the aspects of enjoyment and endura-
bility of QoE. We didn’t find an effect of presence of co-viewers on involvement, satis-
faction, PQ and information assimilation. We have to reject hypothesis H2a, since the
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Figure 2.6: The mean OS for the two bitrate levels (600kpbs and 2000kbps) split up for the three video genres.
The white bars indicate the low bitrate level, while the yellow bars indicate the high bitrate level. The mean

OS per video genre (i.e., comedy, education and sport) are shown in three separated columns.

presence of co-viewers didn’t affect the tolerance to artifacts, i.e., the PQ aspect of QoE.
Finally, genre only affected the impact of social context on involvement, but not in the
hypothesized way. We didn’t find an effect of group viewing for the genre comedy, be-
ing clearly preferred to be viewed in group, nor for the genre education, being clearly
preferred to be viewed alone. The only significant effect found was that involvement
increased when the participants viewed the sports video alone. Hence, we also have to
reject hypothesis H2b.

Surprisingly, PQ was the only QoE aspect affected by the bitrate level: we didn’t find
significant effects of bitrate level on enjoyment (F(1,116) = 0.425, p = 0.516), satisfac-
tion (F(1,116) = 0.031, p = 0.86), endurability (F(1,116) = 0.262, p = 0.610), involvement
(F(1,116) = 0.412, p = 0.522) and information assimilation (F(1,116)=0.002, p=0.963). Thus,
we confirmed the general knowledge that low bitrate affects picture quality, but not the
assumed consequence that bitrate then also affects QoE.

2.5.3. THE IMPACT OF USER FACTORS ON QOE AND THEIR INTERACTION

WITH SOCIAL CONTEXT

USER INTEREST

To test whether user interest positively correlated with user’s QoE, Spearman correla-
tions between the user interest scores and the scores of the seven QoE aspects were cal-
culated per video genre over all participants. As shown in Table 2.6 for the Overall scores,
satisfaction and endurablity were consistently and positively correlated with user inter-
est with r-values around 0.3. The r-values were somewhat higher for the video genre
comedy than for the other two video genres. Enjoyment and involvement were also pos-
itively correlated with user’s interest in two out of three genres. Participants interested
in comedy and sports enjoyed it more, while participants interested in sports and edu-
cation felt more involved. No significant correlation was found between user’s interest
and the two PQ items in any video genre, suggesting that artifact visibility did not change
due to user’s interest. Similarly, no significant correlation was found between user’s in-
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Table 2.6: Spearman rank order correlations between user interest and all QoE aspects for the 3 video genres
separately. ‘Overall’ represents the correlations calculated over all participants, whereas ‘Single’ and ‘Group’

represent the correlations only over the participants that viewed the videos alone or in group, respectively

Comedy

Enjoyment Satisfaction Endurability Involvement

Overall
r 0.447** 0.400** 0.361** 0.080
p 0.000 0.002 0.005 0.547

Single
r 0.578** 0.452* 0.442* 0.228
p 0.001 0.012 0.014 0.225

Group
r 0.286 0.362 0.288 -0.028
p 0.132 0.054 0.129 0.885

Sports

Enjoyment Satisfaction Endurability Involvement

Overall
r 0.379** 0.289* 0.319* 0.306*
p 0.003 0.027 0.014 0.018

Single
r 0.498** 0.369* 0.363* 0.435*
p 0.005 0.045 0.049 0.016

Group
r 0.189 0.192 0.190 0.216
p 0.326 0.319 0.323 0.261

Education

Enjoyment Satisfaction Endurability Involvement

Overall
r 0.255 0.262* 0.303* 0.271*
p 0.052 0.045 0.020 0.038

Single
r 0.283 0.211 0.322 0.217
p 0.130 0.263 0.083 0.249

Group
r 0.229 0.319 0.279 0.317
p 0.232 0.092 0.142 0.093

Comedy

OS1 OS2 IAS

Overall
r 0.096 -0.127 -0.104
p 0.470 0.338 0.264

Single
r 0.086 -0.083 -0.124
p 0.650 0.664 0.345

Group
r 0.084 -0.150 -0.065
p 0.666 0.436 0.63

Sports

OS1 OS2 IAS

Overall
r -0.189 -0.009 0.025
p 0.151 0.946 0.789

Single
r -0.357 -0.270 0.064
p 0.053 0.150 0.628

Group
r -0.050 0.324 -0.006
p 0.798 0.086 0.963

Education

OS1 OS2 IAS

Overall
r -0.127 -0.028 0.059
p 0.338 0.835 0.527

Single
r –0.145 -0.032 0.056
p 0.445 0.866 0.669

Group
r -0.153 0.000 0.066
p 0.429 1 0.624

*Correlation is significant at the 0.05 level (2-tailed).

**Correlation is significant at the 0.01 level (2-tailed).
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terest and IA scores, suggesting that the user’s ability of assimilating information from
the videos did not depend on his/her interest in the video content. In summary, since
some QoE aspects were clearly positively related to user’s interest, we can confirm hy-
pothesis H3a.

As we were also interested in understanding to what extent the social context might
affect the impact of user’s interest on QoE, we split up our data per social situation (i.e.,
single vs. group viewing) and recalculated the Spearman correlations. As shown in Table
2.6, user’s enjoyment, satisfaction and endurability were positively correlated with user’s
interest for comedy and sports videos, when viewed alone. However, no significant cor-
relations were found between the user’s interest and any of the QoE aspects when the
videos were viewed in group. This indicates that whereas interest may in general affect
QoE of users, the presence of co-viewers may suppress this effect, and other factors such
as the pleasure of having company during the experience may weigh more. This finding
confirms hypothesis H3d, at least for the user factor of user interest and for the comedy
and sports video genre.

IMMERSIVE TENDENCY

To test whether individual immersive tendency affects the user’s QoE, we calculated the
Spearman correlations between the participant’s immersive tendency and the seven QoE
aspects per video genre over all participants. No significant correlation was found be-
tween any QoE aspect and immersive tendency for any video genre. Hence, this rejects
hypothesis H3b.

To evaluate hypothesis H3d, we also calculated the Spearman correlations between
the personal immersive tendency and the QoE aspects for the participants viewing the
videos alone or in group separately. For the comedy and sports videos, immersive ten-
dency was positively correlated with enjoyment (r=0.367, p=0.046 and r=0.387, p=0.035,
respectively) and endurability (r=0.362, p=0.049 and r=0.475, p=0.008, respectively) in
the single viewing situation. But in the group viewing situation, no significant correla-
tion was found between immersive tendency and any QoE aspect. Hence, these findings
are in line with the findings on user interest; immersive tendency has a positive rela-
tion with QoE when sports and comedy videos are watched alone, but not when they are
watched in group. In the latter case, group processes may overrule the impact of indi-
vidual’s characteristics on QoE. As such, we also confirm hypothesis H3d for immersive
tendency, but again only for the sports and comedy videos.

IMPACT OF DEMOGRAPHICS ON QOE
To evaluate the impact of demographic information on QoE, we specifically focus on a
possible effect of gender and cultural background. Since our sample of participants was
relatively young, it didn’t allow us to make a fair analysis on the effect of age on QoE.

The effect of gender on QoE was investigated using Mann-Whitney U-tests with gen-
der as the independent variable and all QoE aspects (i.e., 4xAS, 2xOS and IAS) as de-
pendent variables. We found a significant effect of gender on involvement (U=13926.5,
p=0.031). In particular, males were easier involved in the videos than females, and as
shown in Figure 2.7 this trend was independent on the video genre. No significant influ-
ence was found on any other QoE aspect.



2.5. RESULTS

2

33

Figure 2.7: The effect of gender on involvement for the three video genres separately. Here the white bars
represent the involvement scores for the female participants, while the colored bars represent the scores for

the male participants.

Figure 2.8: The mean score on satisfaction (a), enjoyment (b) and endurability (c) for the two cultural
backgrounds and the three video genres. The white bars represent the Asian participants, while the yellow

bars represent the Western participants.
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The second demographic factor that we examined was the cultural background of the
participants. As mentioned earlier, there were 36 Asian participants and 24 Western par-
ticipants in our study. We split our data into these two groups and ran Mann-Whitney U-
tests with all QoE aspects as dependent variables. We found a significant difference be-
tween the two groups on their QoE ratings in terms of satisfaction (U=13584.5, p=0.042),
enjoyment (U=12979, p=0.008) and endurability (U=13357.5, p=0.023). As shown in Fig-
ure 2.8, Asian participants tended to rate their experience (i.e., enjoyment, satisfaction
and endurability) higher than Western participants. This trend seems to be more pro-
nounced for the comedy and sports videos than for the education videos. We didn’t find
a significant difference between the two cultural backgrounds for involvement, the two
PQ items, or information assimilation.

We may therefore conclude that some demographic characteristics of the users have
an influence on some of the QoE aspects we considered, and therefore our hypothesis
H3c is partially supported.

2.6. DISCUSSION

Q UALITY of Experience is a very complex concept and its proper quantification still
has several challenges ahead. Based on existing literature, we proposed to mea-

sure various aspects of Quality of Experience, including perceptual quality (along two
separate dimensions of (1) artifact visibility and (2) overall quality), enjoyment, satisfac-
tion, endurability, involvement and information assimilation. Measurement scales for
perceptual quality are well established; conversely, no standardized or universally ac-
cepted scales exist for the other aspects. As a result, we based our measurements on
existing questionnaires, eventually building a composite questionnaire for QoE. Such
questionnaire is a first step towards the definition of a more encompassing tool to mea-
sure subjective Quality of Experience; nevertheless, it requires further validation. One of
the consequences of this lack of validation is that we don’t have insight on the relevance
to QoE of each of the aspects we measured. To circumvent this issue, we decided to con-
sider that an independent variable of our study significantly affects QoE when it showed
a consistent significant effect on multiple QoE aspects. In practice, this implies that we
considered perceptual quality, enjoyment, endurability and satisfaction as equally im-
portant aspects of QoE, but obviously more research towards a validated questionnaire
is needed.

Multiple factors that potentially influence QoE have been identified in literature [34],
but not yet consistently evaluated. In this study we investigated the role of the pres-
ence/absence of co-viewers in combination with several system and user characteristics.
Our findings showed that the presence of co-viewers increased the participants’ level of
enjoyment and made them more willing to repeat the experience. Thus, social context
has some impact on QoE. We also found an interaction with video genre on involve-
ment: participants who watched the sports videos in presence of their friends were less
involved with the videos than those who watched videos alone. This finding might be ex-
plained by the fact that sport videos usually have less of a storytelling component com-
pared to education and comedy videos; hence, people may be more willing to engage
in the social interaction, since the risk of missing important information in the video is
less.
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Bitrate level of the video was investigated as a system factor with a possible inter-
action with social context. We found, as expected, that bitrate level impacted the per-
ceptual quality of the video (the lower the bitrate, the lower the quality). On the other
hand, it did not influence any other aspect of QoE, implying that user’s satisfaction (or
enjoyment, involvement, endurability) of a video could be kept at the same level even
if video quality decreased a bit. Actually, the scores on picture visual quality were also
marginally correlated with the other QoE aspects as satisfaction, enjoyment, endurabil-
ity and involvement. This finding provides a relevant insight for multimedia delivery
optimization: for guaranteeing enjoyment, and more importantly, willingness to repeat
the experience (endurability), factors other than bitrate and consequent artifact visibil-
ity play a more prominent role. Among those, the presence of co-viewers and the level
of interest in the content of the video should be considered. Further research though is
needed to reliably quantify the importance of the different user, system and contextual
factors to QoE.

Overall we found multiple QoE aspects that were different between the various types
of video genre used in our study. To some extent these findings may be a direct result of
differences in experience between different video genres. But these differences may also
be related to user and/or contextual factors. For example, user interest and preference
for watching a video from a certain genre alone or with friends may have an impact on
how a given type of video is experienced. Interest in the video content was measured
per genre and was positively correlated with user’s satisfaction and endurability. This
confirmed the finding of [47]. Yet, interest did not correlate with perceptual video qual-
ity, contradicting previous results which showed a link between content desirability and
PQ [32]. It is interesting to note in this respect that personal interest in a given genre
- and also immersive tendency - correlated with QoE aspects within the single viewing
situation, but not in presence of co-viewers. The latter was especially true for the video
genres ‘comedy’ and ‘sports’, which were previously indicated by participants as video
genres preferably watched in a group. These findings imply that personal characteris-
tics such as interest in a video genre and immersive tendency are less important for the
viewing experience when watching videos with co-viewers, with respect to other factors
such as social interaction.

We investigated the effect of gender and cultural background on QoE. The results
showed female participants to be more involved in the viewing experience than male
participants. This was not originated by a difference in immersive tendency between
males and females (U=389, p=0.513), which we could have expected given the findings
of previous research [37]. In fact, immersive tendency was not found to be correlated to
involvement in this study. Related to cultural background, we found that Asian partici-
pants rated their QoE higher than Western participants. This might be partially due to
different rating habits across cultures. It has been shown that rating behavior might be
“area-specific”, and that country of origin significantly influenced the performance of a
same task [19]. Although these results are in line with our preliminary findings, further
research is needed to verify whether other elements, related to the viewing experience
rather than to the judgment method, concur in making the differences in rating between
cultures significant.

In a final attempt to summarize our results, considering the role played by each factor
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in determining QoE and their interaction, we performed an automatic linear modeling
including all factors investigated in this study using SPSS 20. The enjoyment was set as
target variable while social situation, immersive tendency, user interest, gender, cultural
background, bitrate level and video genre were set as inputs. Results showed that video
genre, interest, social situation and cultural background were considered as important
predictors of enjoyment. But, the resulting linear regression model provided a rather low
prediction accuracy (F(4, 353)=21.727, r= 0.447, R2=0.199, p<0.001), suggesting that sim-
ple linear regression is not sufficient to properly estimate QoE. How to fuse the influenc-
ing factors still needs further investigation and possibly involves the use of non-linear
modeling tools with higher modeling capabilities (as described, e.g. in Gastaldo et al.
[20]).

Although we found some interesting results in this first investigation quantifying QoE
aspects including the role of social context, system factors and user factors, our study
also has some limitations that warrant additional research. In this first study, we investi-
gated the impact of social context only for a "direct" social context, existing of co-viewers
being friends. We intend to extend this investigation of QoE to more social situations in
the future, including watching videos with strangers or watching videos while co-viewers
are not physically co-located. The latter is a form of social context that currently grows
tremendously as a consequence of new platforms for online video viewing and sharing.
Obviously, we limited ourselves in this first study to three video genres only; these genres
were selected such that we covered the gamut from strong preference for being watched
alone to strong preference for being watched in group. We found some differences in
QoE aspects related to video genre and in the interaction with user factors, such as in-
terest and immersive tendency, but we need QoE scores for more videos per genre and
for more video genres to get to systematic conclusions with respect to content and video
genre.

2.7. CONCLUSIONS

I N this chapter, we investigated a set of influencing factors on user’s QoE with videos.
Our results showed that co-viewing videos with friends increased the user’s level of

enjoyment and enhanced the endurability of the experience, indicating that social con-
text should be further investigated in relation to QoE and considered also in automated
measurements. The presence of co-viewers did not change participant’s ability to de-
tect visual artifacts, yet the presence of visible artifacts did not affect the enjoyment and
endurability of the viewing experience (as well as any of the other aspects of QoE exam-
ined). We may conclude therefore that a pure analysis of the (perceptual effects of the)
bitrate is insufficient to properly characterize the entire quality of the viewing experi-
ence. User interest also showed significant correlations with the QoE aspects of enjoy-
ment, satisfaction and endurablity. This effect however was suppressed by the presence
of co-viewers, further corroborating our hypothesis that social context plays a major
role in determining QoE. Finally, cultural background was shown to impact QoE ratings,
whereas gender was shown to affect only involvement. These findings are a first, but
concrete step towards defining an encompassing model of QoE appreciation, that goes
beyond the sole analysis of system factors, and takes interaction effects of user, contex-
tual and system factors into account as well. Such a model would be extremely appeal-
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ing for optimizing online multimedia delivery, when limited bandwidth is available in
the whole signal chain. Towards such a model, however, additional research questions,
such as the relative importance of various QoE aspects, the impact of video genre, and
the relevance of additional user and system factors, still need to be investigated.
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ABSTRACT

Most automatic Quality of Experience (QoE) assessment models have so far aimed at pre-
dicting the QoE of a video as experienced by an average user, and solely based on percep-
tual characteristics of the video being viewed. The importance of other characteristics,
such as those related to the video content being watched, or those related to an individual
user have been largely neglected. This is suboptimal in view of the fact that video viewing
experience is individual and multifaceted, considering the perceptual quality (related to
coding or network-induced artifacts), but also other – more hedonic - aspects, like enjoy-
ment. In this chapter, we propose an expanded model which aims to assess QoE of a given
video, not only in terms of perceptual quality but also of enjoyment, as experienced by a
specific user. To do so, we feed the model not only with information extracted from the
video (related to both perceptual quality and content), but also with individual user char-
acteristics, such as interest, personality and gender. We assess our expanded QoE model
based on two publicly available QoE datasets, namely i_QoE and CP-QAE-I. The results
show that combining various types of characteristics enables better QoE prediction perfor-
mance as compared to only considering perceptual characteristics of the video, both when
targeting perceptual quality and enjoyment.

3.1. INTRODUCTION

W ITH the increasing volume of online video consumption, users’ expectations in
terms of Quality of Experience (QoE) are growing rapidly. According to its most

widespread definition [18], “Quality of Experience (QoE) is the degree of delight or annoy-
ance of the user of an application or service. It results from the fulfillment of his or her
expectations with respect to the utility and / or enjoyment of the application or service in
the light of the user’s personality and current state”. As such, QoE has been established
as the main indicator of the user satisfaction with the video viewing experience. Insuffi-
cient QoE will be less and less accepted by users, leading them to quit the experience or
even change the delivering service/application altogether [23]. Intelligent mechanisms
to assess, in real time, the quality of the viewing experience of a user, and to enhance it
when possible are, therefore, critical for the adoption of future video delivery services.

The definition given above indicates that QoE is an abstract concept, which is dif-
ficult to quantify. Because of this, in the context of video consumption, QoE has been
mostly identified with the more easily quantifiable concept of perceptual (visual) quality
(PQ) [3]. PQ refers to the perceptual impact of the presence of network-related impair-
ments in video, such as buffering events or transmission errors, and/or visible artifacts
resulting from e.g. video coding (e.g., blockiness or blur). Consequently, automatic QoE
assessment efforts have focused on estimating the annoyance that artifacts and impair-
ments cause to users [5]. This process has relied mostly on video and/or network condi-
tion analysis [3], extracting perceptual characteristics of the video to serve as input to the
QoE assessment model. The latter has generally targeted the prediction of one PQ value
per video (or service or application), in a user–agnostic way. That is, PQ predictions are
the same for all users, mimicking the perception of an “average user”, typically measured
subjectively through Mean Opinion Scores (MOS) [32].

On the other hand, the QoE definition suggests, just as the recent evidence provided
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in [20], that QoE is a multifaceted concept, of which PQ is only one aspect. This points to
the need to complement PQ by measuring other aspects of QoE, such as the level of en-
joyment of the experience [11, 40]. Users tend to be willing to repeat and share enjoyable
experiences, thus offering enjoyable experiences can enhance user’s loyalty to services
and applications [22]. Enjoyment reflects the hedonic part of QoE, being a pleasurable
response to media use [33]. As such, it can be considered complementary to PQ (with
which it has been shown to be only poorly correlated [40]) in properly characterizing
QoE.

Figure 3.1: The traditional approach to assessing video QoE, b) The proposed expanded QoE assessment
model targeting individual scores representing two selected QoE aspects, PQ and enjoyment.

In order to predict enjoyment, the perceptual characteristics mentioned above may
not be informative enough. Better results could be achieved by also taking into account
content characteristics [41], providing clues about the video content being watched, and
user characteristics, such as personal interest [40], personality [29], or cultural back-
ground [21]. Especially the inclusion of user characteristics would enable us to consider
individual differences when assessing QoE, resulting in more fine-grained predictions
than those expressed in MOS or similar “one-fits-all” measures. In addition, since user
and content characteristics [7] have been shown to have influence on viewing experi-
ence in general [26, 40], feeding QoE assessment models with this type of information
could result in better predictions of various QoE aspects, thus not only enjoyment, but
also PQ. In view of the rationale given above, we define the contribution of this chapter
as specified in the following items:

Contribution 1: We expand the traditional QoE assessment paradigm (Figure 3.1a)
to take as input not only the perceptual characteristics, but also the user characteristics
and content characteristics. Specifically regarding the content characteristics, we focus
on the extraction of information on the affective charge of a video [12, 34]. Regarding
user characteristics, we consider personality, gender, interest and cultural background
of the specific user for which the QoE needs to be assessed.
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Contribution 2: We also expand the traditional QoE assessment paradigm in terms
of the output: we predict not only the PQ but also the level of enjoyment that a user
experiences with a video. The predictions of both PQ and enjoyment are based on the
expanded set of characteristics, as explained in the previous item.

Contribution 3: In contrast to the current practice of targeting the QoE prediction
for an average user via MOS, we produce individual PQ and enjoyment predictions re-
flecting the opinion that a specific user has of a specific video.

The contributions with respect to the traditional video QoE assessment paradigm
(Figure 3.1.a) are illustrated in Figure 3.1.b. We note that we are not interested in deliver-
ing a new, fully functional QoE model at this stage, but rather in answering the following
research questions:

RQ1: Does the expanded set of characteristics help improve the prediction of PQ and
enjoyment for individual users?

RQ2: If so, which of these characteristics are most informative for which QoE aspect?

In the following section, we review the literature on perceptual quality and enjoy-
ment prediction in the domain of video consumption, as well as knowledge on individual
differences in QoE assessment. We then present our proposed expanded QoE prediction
paradigm in Section 3.3 and the experimental setup for its validation in Section 3.4. The
results are presented in Section 3.5, while the discussion in Section 3.6 summarizes the
main insights and sets targets for future research.

3.2. RELATED WORK

3.2.1. PERCEPTUAL VIDEO QUALITY ASSESSMENT
Methods for the automatic PQ assessment are also known as video quality metrics and
rely mainly on the analysis of the decoded bitstream (i.e., accessing pixel values), the
encoded bitstream (i.e., at a packet level) or both. Metrics that analyze the decoded bit-
stream use information on the (audio-) visual signal to compute the PQ. Hence, they do
not need any information about the video delivery system under testing and are fully
unobstrusive [3, 5]. Beside the so-called “data metrics” (e.g. MSE and PSNR), which are
known to correlate poorly with user perceptions, “picture metrics” [37] have been de-
veloped based on the analysis of video content and distortion types. Within this family,
metrics either predict PQ by directly modeling mechanisms of the Human Vision Sys-
tem (HVS) deemed relevant to video quality (e.g., color perception or contrast sensitiv-
ity, as in the case of VQM [24]) or by inferring artifact visibility from statistical properties
and/or visual features of the video (e.g., blockiness or blur, as in the case of e.g. MOVIE
[30]). Albeit accurate in their predictions, these metrics usually rely on the availability of
a lossless source video as reference. As a result, they are not applicable to optimize the
quality of multimedia delivery in real time [5]. Recently, many no-reference metrics [13,
28] have also been proposed, which work only on the degraded video and do not need a
reference, yet with room for improving performance.

In practice, up until now, the most reliable way to measure PQ is to perform subjec-
tive experiments. According to [32], subjective PQ can be quantified in terms of Mean
Opinion Scores (MOS), i.e. the average of the (numerical) judgments expressed by users
relative to their perceptual satisfaction with respect to a video [5, 32]. The MOS mea-
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sure is popular since it can express the perceptual quality of videos in a commonly un-
derstandable way [32]. Therefore, most objective QoE metrics, as listed above, are de-
signed to predict MOS, and most QoE (video) datasets report, along with the tested se-
quences, only the corresponding MOS, rather than the individual PQ scores [17], leaving
little space for investigating individual differences in PQ perception. As indicated by our
Contribution 3, in this chapter we abandon the MOS-based PQ assessment paradigm
and explore possibilities for individual PQ assessment.

3.2.2. VIDEO ENJOYMENT ASSESSMENT

Video enjoyment has been tied closely to the amount of positive emotional pleasure (i.e.,
high arousal, positive valence) that a video presents [41]. Lately, however, evidence has
been brought that video enjoyment doesn’t only relate to videos with positive valence.
Users may also enjoy videos portraying events with negative valence, such as horror or
dramatic scenes [6]. A broad range of research has been carried out in order to mea-
sure/estimate affective content automatically [4]. For instance, several studies investi-
gated the influence that different types of segments or shots, the use of color and audio
characteristics (extensive review in [4, 39]) have in determining the video affective con-
tent. Others modeled affective content by combining multiple audio-visual characteris-
tics extracted from the video [12].

Since the analysis of affective video content relies on features that are extracted from
video data, it enables one to obtain insights about the level of enjoyment only in general,
for an average user, similarly as in the case of PQ. Here, again, the challenge remains
to learn about the individual enjoyment while watching a video, which can be seen as
an outcome of the dynamic interaction between the affective content of the video, user
characteristics (e.g., personality, personal interest), and user’s current mood [7]. We pur-
sue this challenge in this chapter.

3.2.3. USER CHARACTERISTICS INFLUENCING QOE
According to [18], a number of user characteristics (human factors) influence QoE, in-
cluding demographics (e.g., age, gender), interest, personality and cultural background.
With respect to demographics, males are reported to get more easily immersed in the
content of a video than females [40], and older users were shown to have higher require-
ments for QoE as compared to younger users [26]. Interest in video content also counts,
as users have been shown to be more tolerant to visual impairments when they are in-
terested in the content of the video [26]. Regarding personality, extraversion (a person-
ality trait describing enthusiastic and talkative individuals [2]) has been found to have a
positive impact on users’ video enjoyment [36]. Furthermore, cultural background was
shown to capture individual differences in rating the QoE for a given video content [40].
Finally, user’s mood is another influencing factor of QoE, and specifically when related
to the user’s intent to seek pleasant experiences [7]. For example, if a user is tense and
eager to relax, he/she may enjoy a comedy show more than an intense action movie,
even if he/she would normally prefer watching such movie.

To the best of the authors’ knowledge, hardly any attempt has been made at incorpo-
rating user characteristics into automatic QoE assessment, mostly due to the complexity
of retrieving personal user information in an unobtrusive fashion. We witness, how-
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ever, rapidly emerging channels for collecting information about users via the services
they subscribe to, e.g., movie preferences on Netflix (http://netflix.com), and large ad-
vances in user modeling (e.g. natural language processing to infer user personality from
textual contributions to social media [10]). Therefore, the time when user information
will be easily attainable in real time for automatic QoE assessment is not far, and it is
worthwhile starting looking into how to incorporate this type of information in QoE as-
sessment models. Making a substantial step in this direction is one of the objectives and
contributions of this chapter.

3.3. THE PROPOSED QOE MODEL

A S illustrated in Figure 3.1a, the prediction of QoE in a video viewing scenario has
been approached so far according to the following three principles:

1. QoE was simplified to Perceptual Quality (PQ) only,
2. PQ was assessed using a limited set of perceptual characteristics related to the

visibility of artifacts and other video impairments,
3. QoE was expressed in terms of MOS, neglecting individual differences among

users.

QoE is, however, more than PQ alone, and the set of factors potentially influencing
QoE is much broader than the perceptual characteristics considered so far. Especially
the user characteristics, if taken into account, could not only help improve the prediction
of various QoE aspects, but could also bring differentiation in QoE predictions across
individual users.

In this chapter, we propose a new QoE prediction model in which we overcome the
three limitations mentioned above, targeting QoE prediction for individual users and
broadening the prediction scope by producing the scores not only for PQ, but also for
enjoyment. The model consists of the modules depicted in Figure 3.1b. In the following
subsections, we elaborate on the realization of each of the modules, starting with the
model input, i.e., the experience characteristics. Each type of experience characteristics
considered in this chapter, thus either the perceptual, content or user characteristics, is
represented by a set of numerical indicators that feed the prediction module. We note
that the set of characteristics deployed in this chapter is not intended to be exhaustive.
Instead, as indicated by the research questions posed in Section 1, we aim at discovering
whether combining characteristics of different types brings improvement in predicting
different QoE aspects, and which types of characteristics are more informative in this
respect. Based on these insights, a more elaborate analysis of characteristics per type
can be performed in future work.

3.3.1. PERCEPTUAL CHARACTERISTICS
A great number of perceptual characteristics has been proposed so far, mainly targeting
the prediction of the PQ of videos [3, 5]. In our study, we decided to use characteristics
from a well-known no-reference model working at the decoded-bitstream level [19, 28].
We chose to go for off-the-shelf indicators rather than designing new ones because the
focus of this work is to unveil the role of different types of influencing factors in predict-
ing QoE, rather than to improve the performance of PQ models according to the tradi-
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tional approach (Figure 3.1a). Also note that we have not considered temporal impair-
ments (e.g., re-buffering or packet-loss) at this stage, although this is of great interest for
future study.

We consider 44 perceptual characteristics (hereafter referred to as PCs). Thirty-six
of those are computed based on the Natural Scene Statistics (NSS) model [19] at each
frame m (m = 1, . . . M) and are denoted as PC k (m) , where k = 1,2,. . . 36. The NSS fea-
tures are parameters describing the shape of the distribution of (transformed) pixel val-
ues in distorted images. Depending on the level of distortion in an image, the distribu-
tion changes, and so do the parameters describing it, revealing the perceptual impact of
image distortions. They are computed as follows. First, each frame m is partitioned into
squared patches of n ×n pixels. The sharpness of each patch is computed as specified
in [19], and only those patches whose sharpness value is higher than a certain threshold
(0.75 in this study) are selected. Within the selected patches at frame m, intensity values
are transformed by applying mean removal and divisive normalization. The transformed
values are then used to fit a Generalized Gaussian Distribution (GGD), which is known
to represent the distribution of such values in unimpaired images:
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the transformed patch intensity values. To evaluate the impact of distortions at each
frame, the products of adjacent transformed values (in the horizontal, vertical, and di-
agonal orientations) are used to fit an Asymmetric Generalized Gaussian Distribution,
described by the parameters γ, βl ,βr :
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Finally, the mean of the distribution is computed as well:
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The parameters α, β,γ, βl ,βr , η that shape these distributions are known to cap-
ture the differences between lossless and distorted images, as well as the severity of
these distortions [19]. In order to capture multi-scale behavior, the set of 18 parame-
ters (γ, βl ,βr , η being calculated for 4 orientations, plusα, β) is computed for two patch
sizes (i.e., 96x96 and 48x48 in this case). Thus, eventually, 36 NSS PCs are computed for
each frame. We then average their values across the M video frames to obtain the values
PC k , k = 1,2,. . . 36, that feed our model. The temporal variation of the frame mean DC
coefficients is the PC37. This PC represents sudden local changes in a video, which may
arise from various temporal distortions. Six statistical DCT PCs (represented as PC38 to
PC43) are also computed from each frame difference using the spatio-temporal model
described in [28]. These PCs describe the distribution of DCT coefficients across the
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frame differences of the video, and have been shown to be able to reflect the percep-
tual impact brought about by spatio-temporal artifacts in video. Finally, the PC44 relates
to motion estimation, and is computed based on the coherence of motion vectors in
strength and direction (the predefined window size is 10). PC44 denotes variations in
local motion due to temporal distortions. Details regarding its implementation can be
found in [28].

3.3.2. CONTENT CHARACTERISTICS
As described in Section 3.2.2, an insight in the enjoyment elicited in a user while watch-
ing a video could be obtained from the affective aspects of the video content being
watched [41]. The underlying assumption is, however, based more on psychological
studies than on empirical measurements. It is therefore unclear (a) to which extent en-
joyment is indeed related to affective video content and (b) which aspects of the video re-
lated to eliciting affective reactions are most informative for drawing conclusions about
the enjoyment. In this chapter we aim at providing some answers to these questions.

Due to the complexity of the problem, we focus only on one affective dimension,
arousal (i.e., from excited to calm), and build on a set of proven arousal-related audiovi-
sual features, namely motion activity, sound energy, hue ratio and shot change rate [12,
34]. Hereafter we refer to these features as content characteristics (CC). Again, we rely
on existing work, as the improvement of the affective video content representation is not
the goal of this chapter.

The motion activity [12] is computed as:

M A = 1
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100
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(3.4)

In (3.4), the overall magnitude of all (Nm) motion vectors ~vi (m) between two adja-
cent frames m and m+1 is normalized by the length of the longest motion vector~vM AX (m)
at frame m. The obtained values are then averaged across all M frames to yield the mo-
tion activity (MA) value.

The sound energy [12] is computed from the audio track of the videos. The sound
energy Em at frame m is defined as the sum of the power spectrum of the audio samples
corresponding to frame m. The overall sound energy E is then computed as the mean of
Em across all frames.

The hue ratio [31] is computed as:

HR =
∑M

m=1
Gm
Hm

M
(3.5)

where Hm is the total number of pixels in frame m while Gm is the number of green
pixels in frame m.

The shot change rate [12] represents the level of dynamics in the video content and is
defined as

S =
∑M

m=1 100e^((1− (mn −mp ))/δ)

M
(3.6)
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where mn and mp are the frame indexes of the two closest shot boundaries to the
left and right of frame m. δis a constant value, set as recommended in [12].

3.3.3. USER CHARACTERISTICS
We make use of the information provided directly (through self-report) from the users
that judged their video experience. Specifically, we rely on the user information col-
lected in [40] and [29] capturing the interest, immersive tendency, personality, cultural
background and demographics, as described in more detail below.

Personal interest is defined as the level of prior interest in the (genre of) the video
that the user is about to experience and judge. Similarly, we include values that quantify
the user’s Immersive Tendency (IT), which reflects how easily a user gets involved in a
particular task [38], in this case specifically in the content of the video. It is argued that a
high level of involvement may result in high satisfaction [22].

The personality characteristics included in this study represent the “the big five” per-
sonality traits i.e., openness, conscientiousness, extraversion, agreeableness, and neuroti-
cism [2]. Cultural background is also represented through a set of six characteristics,
namely power distance, individualism, uncertainty, masculinity, pragmatism, and indul-
gence. Finally, we include some user demographics information as well, i.e., gender and
origin. The origin was defined based on the user’s nationality.

The proposed model, depicted in Figure 3.1b, targets the prediction of both PQ and
enjoyment based on the same, broadened set of characteristics. The decision to pre-
dict PQ and enjoyment independently is due to the fact that, although these two aspects
of QoE are not necessarily uncorrelated (they have been found to be poorly although
significantly positively correlated [40]), the nature of their relationship remains mostly
vague. Hence, in this exploratory study we target their prediction separately, and leave
the investigation of their interdependencies to future work. The prediction module per
QoE aspect can be implemented in many ways, from a linear combination of the input
characteristics to more complex non-linear models. In addition, a feature selection step
before the prediction process may be needed depending on the selected model [8]. In
this chapter, we choose for a simple implementation using a linear classifier, and a more
complex Support Vector Machine, as explained and justified in more detail in Section
3.4.2

3.4. EXPERIMENAL SETUP

I N this section we describe the experimental setup through which we implemented
and evaluated the proposed QoE prediction model. The section covers dataset de-

scription (Section 3.4.1), predictor implementation (Section 3.4.2), and the evaluation
procedure (Section 3.4.3).

3.4.1. DATASET DESCRIPTION

To the best of our knowledge, only two public datasets, namely i_QoE1 and CP-QAE-
I2, meet our requirements, i.e., include user characteristics and individual QoE (PQ and

1available at http://ii.tudelft.nl/iqlab/iQOE.html
2Available at: 1drv.ms/1M1bnwU
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enjoyment) ratings. These two datasets were derived from two independent user studies
conducted in [40] and [29], respectively.

I_QOE
As shown in table 3.1, the i_QoE dataset uses 6 high resolution (i.e., 1280*720) videos
as sources, covering three genres, i.e., sports, comedy and education. All six videos last
for about 5 minutes, and are further encoded with H.264/AVC at two bitrate levels, i.e.,
600kbps and 2000kbps. The two resulting versions of each video present clear differ-
ences in PQ. Fifty-nine participants evaluated the videos, split into two disjoint groups:
30 participants viewed the test sequences themselves, the remaining 29 viewed the se-
quences in the company of two friends (so, in groups of three; interaction among them
was allowed). After a short training session in which users became acquainted to the
type of artifacts they would see during the experiment, each participant viewed only one
version (either 600 kbps or 2000 kbps, in random and counterbalanced order) of all six
videos. For each video, participants scored their level of enjoyment through 4 questions
(each to be answered on a 7-point Likert scale) [40]. They were also asked to score their
perceptual quality on a 5-point ACR scale, according to [16]. In total, 354 ratings (59x6
videos) on these two QoE aspects were collected.

Table 3.1: Internal consistency measured by Cronbach’s alpha among items in each aspect of the
questionnaire

Video material
i_QoE [40] CP-QAE-I [29]

Num. source
sequences 6 12

video format h.264/AVC h.264/AVC
Bitrate (kbps) 600, 2000 384, 768

Resolution 1280*720
1280*720,
854*480

Framerate (fps) 30 5, 15,25

User Characteristics
i_QoE [40] CP-QAE-I [29]

Participants 59 114
Gender 27 F, 32 M* 33 F, 81 M
Interest Yes No
Nationality Yes Yes
Personality Yes Yes
Immersive tendency Yes No
Cultural
Background No Yes

*F stands for Female, M stands for Male.

Before starting the experiment, participants were asked to fill in a questionnaire in-
vestigating personal information, such as the level of interest they had (a priori) in the
video genres they were about to see, their immersive tendency, nationality, gender as well
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as their personality. Interest in the video genre was quantified on a 7-point Likert scale
(with 7 being the highest possible level of interest in the video content). The Immersive
Tendency was quantified via the questionnaire [38], returning an IT score on a scale rang-
ing from 18 to 126 (the higher the score, the higher the immersive tendency). Personality
traits were quantified via the 10-items TIPI questionnaire (also known as BFI-10), where
each item is assessed on a 7-point Likert scale, and each trait is measured by a pair of
opposite items [9]. For example, the trait “Agreeableness” was quantified by adding up
the self-assessment of the user on the positive item Sympathetic & Warm and the inverse
of the self-assessment on the negative item Critical & Quarrelsome.

CP-QAE-I
The CP-QAE-I dataset uses 12 short videos (i.e., around 2 minutes long) selected to cover
different affective categories (i.e., sadness, anger and disgust). 12 versions of each video
are included in the dataset, resulting from a combination of three system factors: bitrate,
resolution and frame rate (see table 3.1 for the specific settings). 114 participants from
three universities were involved in this study. They were first asked to report personal in-
formation, being age, gender, cultural background and personality. Cultural background
was measured via the VSM-2013 questionnaire [14] on 7-point Likert scale. Personality
was quantified through the BFI-10 [9].

Participants were encouraged (but not forced) to evaluate one of the 12 versions of
each short video (i.e., they evaluated only one of the 12 combinations of system factors
for specific video content). Participants were asked to report their level of enjoyment and
PQ immediately after watching each video. Both QoE aspects were rated on a five-point
scale. In total, 84 participants managed to finish all 12 videos. The minimum number
of clips that one participant evaluated was 3. Eventually, 1232 individual ratings were
recorded for both enjoyment and PQ.

COMMON AND EXCLUSIVE CHARACTERISTICS

For both datasets, PCs and CCs (48 in total) were extracted from all test videos in an iden-
tical way. With respect to UC, the information in the two datasets is only partially over-
lapping. Both datasets report information on the user’s gender and personality, based on
the big five model (one score per trait, normalized between 0 and 1). Those six character-
istics are used as UCs for both datasets, leading to a total of 54 common characteristics
for the two datasets.

With respect to the exclusive characteristics, as shown in Table 3.1, the i_QoE dataset
presents the individual ratings on interest (one value) as well as on immersive tendency
(one value). CP-QAE-I reports information on cultural background (one value per each
of six traits) which is not given in i_QoE. Those UCs are considered as exclusive charac-
teristics for each dataset in our study, with values being normalized between 0 and 1. In
addition, as shown in Table 3.1, both datasets have information about user’s nationality.
However, because the majority of participants in i_QoE was from either the Netherlands
or China, the nationality information for i_QoE is reported as a binary value (i.e., either
Westerner or Asian [40]). The CP-QAE-I, on the other hand, assumes five categorical val-
ues for nationality, being British, Chinese, Singaporean, Indian and the rest of the world.
Due to the mismatch in encoding of the nationality variable for the two datasets, the
latter is considered as an exclusive indicator for the two datasets. Finally, both datasets
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measure personality by using the same questionnaire [9]. As mentioned earlier, each
personality trait (five in total) was measured by adding up the self-reported scores on
two opposite items, a positive and a negative one. i_QoE reports the values of each item
as well as the aggregated trait scores. CP-QAE-I dataset reports only the latter. We in-
clude the scores of the 10 items (2x5 traits) as exclusive UC for i_QoE. Hence, there are 7
exclusive characteristics for CP-QAE-I and 13 for i_QoE.

Figure 3.2: Histograms showing the distribution of individual ratings for the two datasets considered in this
study. Here, the X-axis represents points on the rating scale, whereas the Y-axis represents the number of

instances for each score

3.4.2. PREDICTION MODULE IMPLEMENTATION
Both datasets report discrete (ordinal) ratings of enjoyment and PQ. The rating distri-
butions are shown in Figure 3.2. For i_QoE, enjoyment ratings range between 4 and 28,
while for CP-QAE-I, they range between 1 and 5. For both datasets, perceptual quality
ratings are expressed on an ACR scale, ranging between poor and excellent.

According to [16], a score of ‘fair’ on an ACR scale (middle point in the 5-point scale)
or less indicates “Unacceptable Quality” (UQ), whereas a score of ‘good’ or ‘excellent’ (4
and 5) indicates “Acceptable Quality” (AQ). Although this distinction was originally con-
ceived for acceptability of perceptual quality [16], we extend it to the enjoyment ratings
as well. For CP-QAE-I, videos rated between 1 and 3 on the enjoyment Likert scale are
considered as “Not Enjoyed” (NE) by the user, whereas scores of 4 and 5 indicate that the
video was “Enjoyed” (E) by the user. In line with these settings, the threshold for identi-
fying enjoyed video experiences for i_QoE is set at 17, i.e., experiences scored 17 or less
are considered not enjoyed, whereas experiences with score above 17 are considered as
enjoyed.

As shown in Table 3.2, the i_QoE has 154 and 200 instances in which a user found
the video to be not enjoyable and enjoyable, respectively. In 130 of the 354 instances the
user deemed the perceptual quality of the video unacceptable. The CP-QAE-I dataset in-
cluded 771 instances of not enjoyed experiences, and 461 of enjoyed experiences. Sim-
ilarly, in 788 cases videos were deemed by a user to be of unacceptable quality and in
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Table 3.2: Overview of class distribution for the two datasets. In the parentheses we indicate the percentage of
instances of the majority class across the dataset

Enjoyment PQ
i_QoE 154NE, 200E(56.4%) 130UQ, 224AQ (63.3%)

CP-QAE-I 771NE, 461E(62.6%) 788UQ, 444AQ (64%)

444 cases the quality was considered acceptable. Each dataset contains a percentage of
instances (i.e., a specific video evaluated by a specific user) for which the user enjoyed
the video, and a complementary percentage of instances for which the user did not (the
same goes for perceptual quality).

The prediction module is implemented by using classification algorithms, targeting
the prediction of acceptable versus unacceptable quality (AQ vs UQ) for PQ and enjoyed
vs not enjoyed (E or NE) for enjoyment. Due to the exploratory nature of this study, it is
still early for deploying complex machine learning algorithms to learn the relationships
between PCs, CCs and UCs and QoE aspects to optimize the prediction. This is justified
only after we have learned more about which characteristics influence what QoE aspect
and to which extent. We therefore use a modeling tool that is easily interpretable (i.e,
with a limited number of parameters to fit), and specifically, a Linear Discriminant Clas-
sifier (LDC). LDC can reduce the dimensionality of the input while preserving as much
of the class discriminatory information as possible, and has been used to predict QoE in
[1]. In addition to the LDC, we use a Support Vector Machine (SVM) to verify the added
value of non-linear modeling in the prediction [15]. The advantage of SVM is that, when
using a linear kernel, every input indicator gets a weigh, which indicates its importance
in the classification process, hence allowing intelligibility of the trained model.

3.4.3. EVALUATION PROCEDURE

The LDC and SVM are trained independently on the two datasets for each QoE aspect.
That is, each classifier is trained to predict either PQ or enjoyment. An R-fold cross-
validation is performed in order to estimate the predictor performance in a robust way,
especially considering the relatively small size of the datasets. Thus, data is split in R
folds depending on the size of dataset. Then, R runs are performed where samples from
one fold are used as test data whereas samples from the remaining folds are used as
training data. Each run returns a misclassification rate (MisRate) on the test data. The
final accuracy of the model is then defined as:

Accur ac y = 1−
R∑

r=1
Mi sRater /R (3.7)

The prior probability of correctly predicting QoE (or more specifically, of correctly
predicting whether a user described by UC would experience a video described by CC
and PC as of being enjoyable, or having acceptable PQ), is defined as the percentage of
the accumulation of the majority class in the total number of the ratings. For example,
based on the numbers listed in Table 3.2, the prior probability for a user to find a video
enjoyable in i_QoE is calculated as:



3

58 3. QOE PREDICTION FOR INDIVIDUAL VIDEO VIEWING EXPERIENCE

En j oyment i _QoE = 200E

154U E +200E
×100 = 56.4% (3.8)

The prior probabilities per QoE aspect and dataset are indicated in Table 3.2. Since
these percentages are unbalanced, we use the prior probability to the majority class as
baseline, rather than even chance (50% accuracy). In addition, we compute the Matthews
Correlation Coefficient (MCC) to indicate the performance of our model [25]. The MCC
is a value between -1 and 1 (i.e., -1 means total inverse prediction, 0 means no better than
prior probability, 1 means perfect prediction) and is considered as a reliable measure of
assessing the quality of binary classification [25].

3.5. RESULTS

O UR evaluation is carried out through two different experiments. The first experi-
ment analyzes each dataset separately (i.e., either i_QoE or CP-QAE-I) towards:

1) evaluating the performance of the proposed model when all the available charac-
teristics are used (i.e., all common characteristics and the exclusive ones) and

2) understanding which (types of) characteristics are most informative for the pre-
diction of PQ and enjoyment.

In the second experiment, the two datasets are merged. The aim of this second exper-
iment is to check the generalization potential of our approach, that is, what performance
can be achieved across datasets.

3.5.1. EXPERIMENT 1: MODEL PERFORMANCE

The first experiment consists of three parts. Part I evaluates the overall performance
when using all characteristics, Part II evaluates the performance for a specific type of
characteristics (PC, CC, UC) and Part III investigates the key influencing characteristics
in predicting PQ and/or enjoyment.

PART I: OVERALL PERFORMANCE

First, the LDC and the SVM were trained separately for the prediction of PQ and enjoy-
ment, based on all available characteristics for each dataset. A 10-fold cross validation
was performed for each model and dataset. For the SVM-based model, a Radial Basis
Function (RBF) kernel was chosen.

The resulting accuracy for i_QoE and CP-QAE-I is reported, under the column la-
beled “All”, in Tables 3.3 and 3.4 respectively, whereas the MCC values and the confusion
matrices are reported in Table 3.5. Note that each fold in the cross-validation returned
a partial confusion matrix, and that the final confusion matrices were composed of the
resulting ten partial matrices. In general, SVM gives better overall accuracy than LDC, as
also confirmed by the MCC values. With regard to i_QoE, better accuracy is achieved in
PQ prediction (around 17% above the baseline) than in enjoyment prediction (around
13% above the baseline). For CP-QAE-I, on the other hand, the models perform better
in predicting enjoyment (around 10% above the baseline) than for PQ (around 5% above
the baseline). In the latter case, MCC indicates a relatively weak prediction power of the
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model, highlighting how PQ prediction may be more difficult when multiple system fac-
tors impair a video, as it is the case for CP-QAE-I (whereas only bitrate is manipulated in
i-QoE).

Table 3.3: i_QoE: The performance of LDC and SVM on Enjoyment and Perceptual Quality, based on all
characteristics, the three characteristic categories and selected indicators

Enjoyment (Baseline 56.4%)
Predictor ALL CC PC UC Selected

LDC 67.8% 63% 59.6% 66.1% 69.5%
SVM 69.5% 63% 60.2% 65.3% 69.5%

Perceptual Quality (Baseline 63.3%)
Predictor ALL CC PC UC Selected

LDC 78.2% 64.9% 80.2% 60.1% 78.5%
SVM 80.2% 64.9% 80.2% 63.3% 80.2%

Table 3.4: CP-QAE-I:The performance of LDC and SVM on Enjoyment and Perceptual Quality, based on all
characteristics, the three characteristic categories and selected indicators

Enjoyment (Baseline 62.6%)
Predictor ALL CC PC UC Selected

LDC 71.3% 70.5% 65.4% 61.9% 63.8%
SVM 73.1% 70.4% 68.7% 65.8% 68.5%

Perceptual Quality (Baseline 64%)
Predictor ALL CC PC UC Selected

LDC 65.5% 64.4% 66.1% 64% 64.8%
SVM 68.2% 65.4% 67.2% 69.6% 66.2%

PART II: PERFORMANCE PER CHARACTERISTIC TYPE

To investigate whether a specific type of characteristics is informative for the prediction
of either enjoyment or PQ, we trained the classifiers by feeding them only one type of
characteristics at the time (i.e., UC, CC or PC). The rest of the setup was kept the same as
in Part I.

The results are reported in Tables 3.3 and 3.4 under the column labeled UC, CC and
PC. For i_QoE, UCs perform best in predicting enjoyment (achieving an accuracy around
66%). In contrast, PCs perform best in predicting PQ, achieving an accuracy of 80.2% re-
gardless of the classifier used. For enjoyment prediction in CP-QAE-I, only using CCs
achieved better performance than only using UCs or PCs, leading to an accuracy of
70.5%. For PQ prediction in CP-QAE-I, only considering PCs gave slightly better accu-
racy compared to only using any of the other two types of characteristics. Nevertheless,
in general we can observe that using a single type of characteristics is suboptimal with
respect to using all three types of information together.
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Table 3.5: The confusion matrices and MCC of LDC and SVM for Enjoyment and Perceptual Quality
prediction based on all characteristics. The dataset the results refer to is indicated in parenthesis: i_QoE (iQ)

or CP-QAE-I (CP)

Enjoyment
LDC (iQ) SVM (iQ) LDC (CP) SVM (CP)
MCC:0.35 MCC:0.39 MCC:0.37 MCC:0.42

Pred./ Truth NE E NE E NE E NE E
NE 103 51 110 44 633 138 626 145
E 63 137 64 136 216 245 186 275

Perceptual Quality
LDC (iQ) SVM (iQ) LDC (CP) SVM (CP)
MCC:0.52 MCC:0.57 MCC:0.19 MCC:0.26

Pred./ Truth NE E NE E NE E NE E
NE 84 46 89 41 672 116 691 97
E 31 193 29 195 309 135 295 149

KEY INFLUENCING CHARACTERISTICS

In this section, we check to which extent specific subsets of characteristics, possibly mix-
tures from different types, are suitable for individual QoE prediction. To this end, we
performed feature selection to identify the optimal set of key characteristics. Here, data
from each dataset was randomly split into two equally sized sets. We used the first set for
feature selection, and the second for model training and testing, based on the selected
characteristics.

We used Sequential Forward Feature Selection (SFS) for the LDC. Characteristics
were selected starting from an empty pool, to which they were sequentially added until
there was no improvement in reducing the number of misclassified observations. For
SVM, we exploited its intrinsic capability to identify key characteristics in the prediction
when using a linear kernel. All input characteristics were assigned a relevance weight
[15], based on which only the top 25 were considered to be key characteristics.

In order to evaluate the prediction accuracy on the second half of the dataset, the
data was first randomized and then the QoE models were trained (and tested) by using
only the key characteristics selected for each classifier. A 5-fold cross-validation was
performed due to the smaller data size as compared to Part I. The rest of the setup was
kept identical.

Table 3.6: Key influencing characteristics for LDC on i_QoE. Here, the number between the barckets indicates
the order of feature selction process, e.g., 1 indicates the first characteristic that been selected.

QoE aspect CC PC UC
Enjoyment - PC16(2) Interest(1)

PC12(3) Conscientiousness(4)
Perceptual Quality - PC28(1) Gender(3)

PC41(2)
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Table 3.7: Key influencing characteristics for LDC on CP-QAE-I. Here, the number between the barckets
indicates the order of feature selction process, e.g., 1 indicates the first characteristic that been selected.

QoE aspect CC PC UC
Enjoyment Motion Activity(1) PC41(2) Uncertainty(3)

PC34(4)
Perceptual Quality - PC1(1) Indulgence(2)

PC22(6) Agreeableness(3)
PC41(4) Neuroticism (7)
PC5(5)

To verify whether the feature selection influenced accuracy, the procedure above was
performed 100 times, and the same was repeated using all characteristics as input. Sub-
sequently, we performed an independent sample t-test (over the 100 repetitions, so with
df = 99) per QoE aspect and model in order to compare prediction accuracy between
using the key or all characteristics. None of these four tests resulted in a p-value < 0.05,
illustrating no significant loss in prediction accuracy by limiting the set of characteris-
tics to the most important ones. Tables 3.6 and 3.7 report the key characteristics for the
prediction of enjoyment and PQ, respectively, selected for the LDC. The corresponding
results for SVM are presented in Figure 3.3.

With regard to enjoyment prediction for i_QoE, Interest was selected as the most rel-
evant characteristic for both SVM and LDC, supporting the finding of previous studies
[40]. Thus, collecting information on user’s personal preferences on video content and
genres (e.g., possibly via social media by tracking user’s watching history, like the most
watched genres) may be a key requirement when designing systems able to predict user
enjoyment. With respect to personality, conscientiousness and its sub-characteristic de-
pendable & self-disciplined were found to be the key influencing indicators by both LDC
and SVM in enjoyment prediction of i_QoE. This resonates with findings in psychologi-
cal literature that conscientious individuals are more likely to have enjoyable experience
[35]. Two perceptual characteristics (i.e., PC12 and PC16) were selected by LDC as well.
In the case of SVM, as shown in Figure 3.3.a, the top 5 key influencing characteristics of
SVM were UCs and one CC (i.e., Hue Ratio).

For enjoyment prediction in CP-QAE-I, Motion Activity was found to be the most rel-
evant characteristic by LDC. Together with two PCs (PC34 and PC41), one characteristic
related to cultural background (i.e., uncertainty) was also considered to be among the
key ones for LDC. As shown in Figure 3.3.c, two content characteristic (i.e., Shot cuts and
Hue ratio) were among the top 25 key influencing characteristics of enjoyment predic-
tion selected by SVM. The dominance of CC with respect to UC in enjoyment prediction
for CP-QAE-I (which was already suggested by the experiment reported in Section 3.5.1
Part II) may be due to the fact that videos in this dataset were purposely selected to vary
in terms of their affective charge. This may explain more variance in the data than indi-
vidual user characteristics.

With regard to PQ prediction in i_QoE, two PCs were selected by LDC, PC28 and PC41.
These two characteristics describe both spatial (i.e., PC28) and temporal (i.e., PC41) as-
pects of distortions in the videos. Moreover, gender was also identified as a key influenc-
ing characteristic in PQ prediction by LDC. For SVM, instead, as shown in Figure 3.3.b,
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Figure 3.3: Relevance (y-axis) of the key influencing indicators per QoE aspect and dataset, by using SVM.
Yellow bars indicate perceptual characteristics, black bars indicate content characteristics, and white bars

concern user characteristics
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two CCs (i.e., Hue ratio and Motion Activity) were found as the key influencing char-
acteristics. The rest of the key influencing characteristics relate to PCs. Finally, for PQ
prediction of CP-QAE-I, SVM selected only PCs as top 25 key influencing characteristics.
One characteristic related to cultural background (i.e., indulgence) and two personality
traits (i.e, agreeableness and neuroticism) were considered relevant by LDC.

Finally, the resulting accuracy for i_QoE and CP-QAE-I based on the selected char-
acteristics is reported in Table 3.3 and 3.4, under the column labeled “Selected”. No
significant difference was found in the performance accuracy on the test fold of both
i_QoE and CP-QAE-I, suggesting that the performance of using the key influencing char-
acteristics was comparable to the one when using all characteristics, despite the reduced
amount of input information and with the advantage of working with substantially re-
duced complexity of the QoE assessment process.

3.5.2. EXPERIMENT 2: GENERALIZATION

In the second experiment, only the common characteristics available for both datasets
were used as input for training the predictors. In order to make the characteristics’ values
of the two datasets compatible with each other, the set of joint values of each character-
istic from both datasets was normalized in [0,1].

First, we attempted a cross-dataset evaluation, using the data of one dataset (e.g.,
i_QoE) for training the models, and those of the other dataset (e.g., CP-QAE-I) for test-
ing. In these experiments, we only used SVM (with RBF kernel), as it was giving the best
performance on both datasets and for both enjoyment and PQ. The resulting accuracy,
MCC values and confusion matrix are shown in Table 3.8. In general, the accuracy was
found to be only around (or even lower than) the baseline, with MCC values close to 0.
This might be due to the fact that each dataset uses different test videos with different
media configuration (e.g., different resolution, bitrate) and content, resulting in different
ranges of PC and CC. For example, the high bitrate of test videos in i_QoE (i.e., 2000kbps)
is much higher than that of (test) videos in CP-QAE-I (i.e., 768kbps). In this way, videos
(and users) from one dataset seem to sample an area of the video (and user) space differ-
ent from that covered by the videos (and users) in the other dataset. As a result, a model
trained on one dataset may be unable to extrapolate and predict PQ and enjoyment for
the data in the second dataset.

In order to compensate for the differences between the datasets, we decided to merge
the two datasets into a single one, possibly achieving a better coverage of the video and
user space in the training phase. Enjoyment and PQ again were set as two separate tar-
gets. A 10-fold cross validation was performed by using again SVMs as predictors. Table
3.9 presents the accuracy of the SVM trained on the merged dataset as well as the cor-
responding MCC values and confusion matrices. The baseline for enjoyment and Per-
ceptual quality prediction in this experiment was 58.3% and 57.8%, respectively. As the
table shows, the best accuracy that SVM achieved was around 10% above the baseline.
The MCC values were higher as compared to only considering one dataset as training
set, but still lower than the performance achieved for both enjoyment and PQ predic-
tion in Experiment 1 by using all characteristics (except for PQ prediction of CP-QAE-I).
This lower performance might be due to the fact that the models here were trained on a
smaller number of common indicators (especially UC characteristics), missing essential
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Table 3.8: The confusion matrices, Accuracy (Acc) and MCC values of SVM for cross-dataset validation: results
on the left columns refer to experiments using i_QoE as training and CP-QAE-I as test data; the rightmost

columns refers to experiments using CP-QAE-I as training data and i_QoE as test data

Enjoyment (i_QoE) Enjoyment (CP-QAE-I)
Acc:61.12%, MCC:-0.04 Acc:55.37%, MCC:0.03

Pred./Truth NE E NE E
NE 743 28 31 123
E 451 10 35 165

PQ (i_QoE) PQ (CP-QAE-I)
Acc:61.28%, MCC:0.12 Acc:59.89%, MCC:0.07

Pred./Truth UQ AQ UQ AQ
UQ 600 188 35 95
AQ 289 155 47 177

Table 3.9: The confusion matrices, Accuracy (Acc) and MCC values of SVM for validation on merged datasets

Enjoyment Perceptual Quality
Acc:67.91%, MCC:0.33 Acc:68.91%, MCC:0.35

Pred./Truth NE E Pred./Truth UQ AQ
NE 731 194 UQ 805 113
E 315 346 AQ 380 288

characteristics (such as, e.g., interest) and possibly under-fitting the data.

3.6. DISCUSSION AND CONCLUSION

I N this section we highlight a number of main conclusions that can be drawn from the
results reported in the previous section and related to the research questions posed in

Section 3.3.1.

Regarding RQ1, the results show that for accurate prediction of different aspects of
individual QoE, combining the information describing different types of characteristics
(perceptual, content and user) is more effective than using only one type of characteris-
tics. As a result, we not only reached a promising performance in predicting enjoyment
using multi-type characteristics, but we also managed to reach an improvement in PQ
prediction compared to the traditional approaches where only PCs are deployed, e.g. in
the case of CP-QAE-I.

Enjoyment was shown to be influenced by all three types of characteristics used,
indicating that perceptual and affective characteristics of the video content as well as
the characteristics of the user watching are all relevant in this respect. More in depth,
and also touching upon RQ2, Interest and several personality traits were selected as key
characteristics for the prediction of enjoyment. Additionally, a set of PC was selected,
suggesting that PC also matters in influencing more hedonic aspects of QoE (i.e., en-
joyment). However, since no consistent set of PCs has been identified across different
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datasets, we note that more studies are needed to identify an optimal set of PCs for en-
joyment prediction in a general case.

With regard to Perceptual quality (PQ) prediction, PCs, as expected, are dominant.
Our feature selection returned the ones describing both spatial and temporal character-
istics of distortions in the videos. In addition, it is interesting to point out that gender was
identified as a key influencing characteristic in predicting PQ of i_QoE, suggesting that
gender differences should be further investigated when it comes to PQ prediction in a
general case. Up till now, gender, as one core user characteristic, is hardly investigated in
the context of QoE. Most existing QoE datasets do not report the gender information of
the users, and the ones that have such information, are usually imbalanced, neglecting
gender differences in QoE as noted in [27].

In general, the performance of our individual PQ and enjoyment predictors is satis-
factory, and maximized when UC, CC and PC, are used. However, room for improvement
exists, and some limitations of our setup should be taken into account in future studies.
First, our model only considered a limited number of UCs, and more could be included
in future models. For example, the more dynamic (varying) UCs, like skills or affective
state, may potentially benefit QoE prediction. Therefore, collecting more, and more di-
verse UC information is crucial for creating a future individual QoE dataset. Expanding
the set of UCs may be also beneficial for extending the model to predict other QoE as-
pects, such as endurability or immersiveness, which may be influenced by other user
individual traits as well as video characteristics. Secondly, our model should be trained
on a larger range of videos (with different content and system configurations) covering
various ranges of PC and CC. Finally, our results show that SVM in general has better
performance as compared to LDC. This result may imply that the QoE prediction can be
further improved if we implement the prediction module with non-linear models (e.g.,
random forests or neural networks).
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ABSTRACT
The next generation of multimedia services have to be optimized in a personalized way,
taking user factors into account for the evaluation of individual experience. Previous
works has investigated the influence of user factors mostly in a controlled laboratory en-
vironment which often includes a limited number of users and fails to reflect a real-life
environment. Social media, especially Facebook, provide an interesting alternative for
Internet-based subjective evaluation. In this chapter, we develop (and open-source) a
Facebook application, named YouQ, as an experimental platform for studying individual
experience for videos. Our results show that subjective experiments based on YouQ can
produce results as reliable as in a controlled laboratory experiment. Additionally, YouQ
has the ability to collect user information automatically from Facebook, which can be
used for modeling individual QoE.

4.1. INTRODUCTION

I NTERNET-BASED multimedia fruition has exploded in recent years. According to Cisco’s
forecasts, video delivery will account for 80% of the overall Internet consumer traffic

by 2019 [1]. Newer and more immersive formats are becoming more common; high-
frame-rate, panoramic, HDR video is on the verge of becoming regular (live) streamed
content. Content delivery systems now face the challenge of meeting users’ expectations
in terms of quality while facing the current infrastructural limitations. User tolerance for
impairments and buffering events in video playback is decreasing exponentially, and in-
fluences users’ choice in adopting one service or content provider over the other [2]. On
the other hand, resource scarcity (e.g., bandwidth) makes flawless delivery more chal-
lenging, making it necessary for a new generation of smart resource optimizing and de-
livery mechanisms. To do that, it is essential to devise accurate tools to measure the
extent to which the user deems the multimedia experience to be of a high quality.

The concept of Quality of Multimedia Experience (QoE) has been shaped to address
this necessity. According to the Qualinet White Paper [3], “Quality of Experience is the
degree of delight or annoyance of the user of an application or service. It results from the
fulfilment of his or her expectations with respect to the utility and/or enjoyment of the ap-
plication or service in the light of the user’s personality and current state”. As such, QoE is
determined by the characteristics of the multimedia system that delivers the experience,
as well as the context in which the experience is delivered. However, multimedia experi-
ences are also, and more importantly, individual and their appreciation and endurability
differ from user to user [4, 5].

Traditionally, multimedia delivery has been optimized for the ‘average user’, and
QoE measured through so-called Mean Opinion Scores [6]. Multimedia quality metrics,
aimed at measuring QoE based on the analysis of either the encoded or decoded me-
dia stream [7], have been designed to predict the media quality as perceived by such an
average user. Individual preferences have mostly been neglected, due to the inherent
difficulty in dealing with quantifying and measuring individual characteristics.

However, in reality, there is no such thing as an ‘average user’. We see this in (compu-
tational) advertising, for example: the same product is advertised differently on different
markets according to their demographics; products are branded differently to take into
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account local sensibilities or preferences. In the domain of (multimedia) recommenda-
tion [8, 81], individual preferences and diversity [9] are taken into account. Personalized
solutions for education, conservation, UX, (e-) health, to name but a few domains, are
becoming the rule, rather than the exception [10, 82].

Similarly, perceived QoE varies from user to user. Recently, several studies have ex-
amined the influence of user factors on individual QoE: users with different age, gender,
personal interests, and personality experience the same multimedia differently [11, 12,
74, 75, 76, 77]. Research has also shown that by incorporating user information into qual-
ity metrics, reliable estimations of individual QoE can be obtained [4], and user-based
(over and above content-based) delivery optimization is within reach.

QoE, by definition, is supposed to be subjective and individual. However, we use the
term “individual QoE” since the majority of the literature on QoE has not treated it as
such. Whilst the literature conveniently averages QoE (just like with the average family
having 2.4 children), in reality averaging ignores the fact that QoE is unique to each indi-
vidual and to each individual’s experience and that it could depend (or not, as the con-
text may be) on an individual’s cognitive style, personality, learning style, affective state,
psychophysical acuity, as well as on any of a number of environmental factors such as
lighting, ambient noise, access device, not to mention task being undertaken. The chal-
lenge is that the set of individual factors upon which an individual’s QoE depends is not
fixed; rather this (sub)set varies from one context to another, and it is this what justifies
even more emphatically the individuality and uniqueness of a user’s experience – hence
the term “individual QoE.”

Despite encouraging initial results, research on individual QoE is still in its infancy.
The number of and the extent to which user factors may influence QoE is enormous,
and a collaborative, community-wide effort is needed to test several user factors sys-
tematically. In fact, in order to get reliable results, researchers usually focus on one (or
few) specific user factors (e.g., interest [11], personality [11, 12, 78]), following standard
protocols and methods (i.e., ITU-R BT500 [6]) in a controlled laboratory environment.
However, there are several other factors beyond the laboratory environment that may
potentially influence multimedia experiences. Additionally, when it comes to individual
QoE evaluation, the studies in the laboratory often include limited number of users and
fail to reflect real-life consumption scenarios [13].

Lately the scientific community has devoted increasing attention to the usage of web
and Internet platforms to perform user testing [14–17]. Internet-based subjective experi-
mentation refers to all types of experiments conducted through the Internet (e.g., e-mail,
websites, crowdsourcing platforms, or social media) [15]. It allows reaching users all over
the world (with consequent diversity in demographics and cultural backgrounds) and in
ecologically valid consumption conditions. For example, millions of users answered a
personality questionnaire, which was traditionally used in the laboratory [15].

The QoE community has followed this trend, focusing especially on crowdsourcing
[18] as a method to collect subjective QoE evaluations in a fast and cost-effective way. By
posting short QoE evaluation tasks on crowdsourcing platforms (e.g., Mechanical Turk,
Microworkers), researchers can reach out to a vast number of users across the world, who
complete evaluations in a resource effective manner (both in terms of time and money).
A number of studies have shown that crowdsourced subjective testing can produce QoE
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assessments that are as reliable as those that would be obtained in a controlled labo-
ratory setting [13, 19, 20]. However, they need to be short to let the user stay focused
[14]. As a result, there is a limit to the number of factors which can be explored in each
experiment.

Social media, especially Facebook, could serve as an interesting platform for Internet-
based subjective experimentation. With over 1.65 billion monthly active users [17], Face-
book has become a major platform for people to share their experiences and preferences
(e.g., by expressing likes/dislikes or providing status updates) [21]. Facebook can be seen
as a huge real-life, continuously growing database of human behavior. Evidence has
shown that data collected from Facebook (e.g., status updates) reflects the user’s actual
ideas and feelings outside the social network [22, 23], and individual traits such as, e.g.,
personality and health, can be inferred through automatic analysis of the text of com-
ments and posts [24, 76, 79, 80]. Different from other social media platforms, Facebook
allows researchers to access user information by developing a Facebook application [17].
Through careful design, by embedding QoE subjective tests into Facebook applications,
it is possible to reach potentially millions of users and collect a substantial dataset for
research [17], where personal preferences and traits can also be taken into account and
studied in relation to individual QoE appreciation. However, questions arise again with
respect to the reliability of the data collected through such an application, since users of
the application are often from an uncontrolled environment.

In this chapter, we also investigate the potential for Facebook as a reliable platform
for studying individual QoE evaluations. Specifically, we are interested in answering the
following question: Can Internet-based subjective experimentation with a Facebook ap-
plication produce results for individual Quality of Experience evaluation for videos, as
reliable as a controlled laboratory experiment?

To answer this question, we developed YouQ1, an open-sourced Facebook app de-
signed to perform subjective experiments aimed at measuring individual QoE while watch-
ing videos. To test its effectiveness, we performed an experiment investigating the im-
pact of personality and demographics on the perceived QoE of videos with different gen-
res and arousal levels. We performed this experiment both in the wild (i.e., openly on
Facebook), and in a controlled lab setting to measure the difference that looser control
and higher ecological validity bring to controlled QoE evaluations. In addition, we com-
pared data from our online experiment with two previous independent studies [11, 12],
to verify whether results from our Facebook-based experiment are in line with the lit-
erature, and whether it can provide additional insights to the growing field of research
addressing user factors in QoE. Further, we also provide a meta-analysis of the state of
the art literature studying the influence of user factors on multimedia experience.

4.2. RELATED WORK

4.2.1. FACTORS INFLUENCING MULTIMEDIA QUALITY OF EXPERIENCE
In the 1990s, user satisfaction with multimedia systems and services was mainly linked
to the concept of Quality of Service (QoS), defined as the “totality of characteristics of
a telecommunication service that bears on its ability to satisfy stated and implied needs

1YouQ: ii.tudelft.nl/qoe/FbApp/
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of the user of the service” [25]. In fact, QoS focuses mainly on quantifying system and
network performance, based on metrics such as frame-rate, resolution, packet loss ratio,
lag, and the like. These metrics, which purely describe the system functioning, were soon
shown to correlate poorly with actual user satisfaction [26]. In view of this discrepancy, a
more user-centric concept of Quality of Experience (QoE) started to emerge and moved
the focus towards quantifying the quality of media as perceived by the user. Research
in perceptual quality has seen a substantial amount of work in the last two decades [7],
incorporating the influence of core user factors such as perception and attention in QoE
optimization. On the other hand, most of these efforts were still devoted to maximize
QoE for an “average user”, developing a single solution for any user adopting the system
or service, irrespective of that users’ background.

Lately, the view of what QoE is and how it should be measured has evolved dramat-
ically. The Qualinet White Paper on definitions of Quality of Experience has painted a
new picture with respect to what influences QoE, and as such should be taken into ac-
count in multimedia delivery optimization [3]. In this new view, the QoE delivered by a
system is not only influenced by the properties of the system itself (system factors) but
also by the context in which the experience is consumed (contextual factors), and by the
current state of the user, i.e., by the individual characteristics of the user.

SYSTEM FACTORS

System factors determine “the technically produced quality of an application or service”
[3]. They can influence QoE in video delivery services by altering the perceptual quality
of the content. For example, visible artifacts such as blockiness, blur, and ringing might
be generated by a certain type of compression (e.g., H.264/AVC). These can result in user
dissatisfaction. Similarly, QoE can be impacted by network QoS parameters [27], and
the media configuration [28]. For example, buffer ratio, i.e., the fraction of time spent
in buffering over the total session time, including playing plus buffering, is inversely re-
lated to QoE [27]. Similar observations were made for other QoS parameters such as
buffering events rate, buffering duration and average bitrate [29]. Besides these, the na-
ture of video content itself can influence users’ QoE [30]. For example, different genres
(e.g., comedy, action, etc.) have different viewing patterns, resulting in different percep-
tual quality. For instance, for a given bitrate, genres which contain little movement, e.g.,
comedy sequences, usually have higher perceptual quality than genres which contain
high-pace movement, e.g., action sequences [31].

CONTEXTUAL FACTORS

Contextual factors describe the situation in which the media is consumed by the user.
They entail characteristics of the physical environment, the presence (in situ or remote)
of other users experiencing the same media, or economic conditions regulating the ser-
vice fruition. Physical surroundings that may influence users’ experience are the seating
position (i.e., its viewing distance and height), lighting conditions [32] and disturbances
which may occur such as incoming phone calls or SMS message alerts [33]. Co-viewing
videos with friends may make the entire experience more enjoyable, and therefore of
higher quality [11]. Finally, depending on the amount of money paid for accessing the
content, users may have different expectations in terms of quality, with lower prices cor-
responding to higher tolerance to impairments [34].
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4.2.2. PRELIMINARY STUDIES ON USER FACTORS AND INDIVIDUAL DIFFER-
ENCES IN QOE

Differential Psychology has been studying individual differences in user factors and their
impact on human behavior and performance for over a century. Despite this large body
of knowledge, individual differences and user factors have mostly been neglected in mul-
timedia delivery optimization, with the exception of a few studies. Their origin is scat-
tered, coming from the fields of Media Psychology and Human-Computer Interaction,
and only lately from the Multimedia community. Although the literature in this area is far
too thin to build a complete taxonomy of the effect of individual differences and user fac-
tors on Quality of Experience, we can identify four macro-categories within which user
factors can be clustered: demographic, physiological, psychological, and socio-cultural
factors.

PHYSIOLOGICAL FACTORS

Because of the configuration of the human sensory system, physiological characteristics
of the individual users play a crucial role in QoE. As such, they have been thoroughly in-
vestigated, and models of visual perception and attention have been incorporated in ob-
jective video quality assessment metrics. Nevertheless, these factors have been mostly
studied and modeled referring, once again, to the “average user”. Fewer studies have
looked into how individual physiological characteristics influence QoE. Elements such
as visual acuity and losses in contrast sensitivity due to aging have been shown to in-
fluence visibility (and annoyance) of visual impairments; yet, they have hardly been in-
cluded in QoE models [35]. Color blindness also alters a users’ perception and, when
it comes to immersive, 3D visual representations, stereo-blindness can be a core fac-
tor in determining the appreciation of new imaging technologies [36]. Similarly, human
hearing characteristics can influence QoE with auditory (or audiovisual) media; in fact,
international recommendations for subjective testing conditions provide a set of indi-
cations to minimize individual differences in QoE ratings due to physiological diversity,
rather than acknowledging them [37].

SOCIO-CULTURAL FACTORS

Both the educational and the socio-cultural background of the user play an important
roles in experiencing media. Cultural background has been shown to influence visual
perception and attention, for example, between Westerners and Asians in [38]: Ameri-
cans were reported to have more analytical visual perception (inclined to pay attention
to details), while Asians were seen to have a more holistic visual perception (likely to be
more sensitive to context). The influence of culture on optical illusion, color percep-
tion, visual attention, and brain functioning was documented in [39]. The correlation
between culture and cognition was also studied in [40], by analyzing the variation of
word associations given by Japanese and American participants. Previous experience
with multimedia technology and devices is also critical in determining one’s QoE. Users
with expertise in photography were shown to be more consistent than naïve users in
judging the aesthetic appeal of images; users less acquainted with mobile media con-
sumption were found to be more critical and to have different expectations, in terms of
QoE, with respect to other users who were more technologically savvy [5, 13].
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DEMOGRAPHICS

Demography (e.g., age, gender or nationality) may influence QoE. For instance, older
adults are found to be more critical than younger users suggesting that elderly people
usually have higher requirements for QoE [41]. On the contrary, another study showed
that younger users tend to rate video quality lower than older users, although the per-
formance is better [42]. Similarly scattered results exist for biological sex [5, 13], and no
uniform conclusion has been carried out, to the best of our knowledge, to clarify the role
of demographic characteristics in QoE appreciation.

PSYCHOLOGICAL FACTORS

The affective state of the user plays most likely the biggest role in determining one’s sat-
isfaction with the delivered experience. The user’s mood has been shown to influence
quality preferences, and multimedia experiences have been shown to influence mood in
turn [13]. Among emotions, the most impactful one for QoE has been shown to be inter-
est [43]. A number of studies indicate that QoE is triggered when something resonates
with a user’s interest [44] and that personal interest in video content significantly influ-
ences a user’s QoE judgment [45]. The more a user is interested in the video content, the
higher QoE s/he attributed to the same bitrate [46]: football fans have been shown to
be able to tolerate incredibly low frame-rates, when watching a match they like. Finally,
user performance is proved to be influenced by personality. For example, enthusiastic
people are more likely to switch the TV channel or change the volume of the TV on their
first attempt compared neurotic people [41]. Researchers found that including user ex-
pectations, users’ monetary budgets, and quality pricing in modeling perceptual quality
evaluation leads to increased accuracy [47–49].

Further, there is additional work that studied the variability of QoE based on other
factors such as the device used for streaming the content [50]. While we tried to present
most of the factors in this section, this is not an exhaustive list.

4.2.3. MEASURING QOE: FROM THE LABORATORY TO THE REAL-WORLD
Subjective QoE evaluation is based on self-report ratings of one’s (perceptual) satisfac-
tion with respect to multimedia contents. Subjective ratings are often collected via psy-
chometric experiments in the lab [51] and aim at measuring the satisfaction of an av-
erage user regarding a given video. To ensure reliability and repeatability of the experi-
mental results, the community has developed standardized methodologies and recom-
mendations on experimental settings for subjective testing [6]. These recommendations
often include indications on the setup of the physical surroundings, assuming experi-
ments are performed in a controlled laboratory environment for increased control over
the execution of the experimental task.

Although ensuring high reliability and repeatability, lab-based experimentation also
presents several inconveniences: (1) being highly time-consuming, the number of con-
ditions (in our case, combinations of user and system factors) is necessarily limited,
which typically leads to investigating at most one or two user factors at a time; (2) the
demography of the users is often not representative of the general population, as most
laboratories are embedded in technical faculties of universities, and most participants
are students; and (3) the lab environment often fails to simulate the real-life environ-
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ment where multimedia is consumed [13], thereby hampering the ecological validity of
the results.

A growing number of researchers are now attempting to overcome the above incon-
veniences by conducting Internet-based subjective experiments (e.g., via websites, so-
cial media, and/or crowdsourcing platforms) [20]. Internet-based experimentations en-
able new possibilities for individual QoE evaluation, by allowing researchers to recruit
users from a larger, more diverse group and users to perform the experiment in their
real-life conditions, leading to more representative results [13]. In fact, psychologists
have used the Internet to study human behavior for a decade [15]. The most straightfor-
ward application of online experimenting is implementing traditional lab experiment
online [16], i.e., using Internet technology (e.g., E-mail, website) to deliver surveys or
questionnaires [15]. Very successful examples are the outofservice.com website and the
Project Implicit website2, which both host standard personality questionnaires [52], and
have reached millions of users [15].

Within QoE evaluation research, it is not straightforward to move from laboratory
experiments to online experiments by simply generating a web version of the existing
lab test [14], because of conceptual, technical, and motivational differences [53]. Con-
ceptual differences are due to the fact that online experiments usually should be much
shorter than a laboratory experiment, lasting at most 10 minutes to prevent the partici-
pant from losing focus and interest (where lab-based experiments can last more than 1
hour) [13]. The online experiment usually needs to be split into multiple smaller tasks,
orchestrated to cover the entire condition set and avoid context effects [12]. Moreover,
the online experiment is less supervised as compared to the lab experiment because it
is not possible to give direct and instant feedback between users and supervisors during
the experiment [13]. This implies that Internet-based experiments need to be carefully
designed in order to ensure that each user understands the task without any difficul-
ties (by providing a proper training session) [13]. The technical differences related to
the web-based nature of the online experiment is that it is performed in a more real-
life environment using a personal device in contrast to the standardized environment
and device in the lab-based evaluation [12]. This implies that advanced experimental
devices (e.g., eye tracking) are not available in the online environment. In addition, the
fact that the stimuli (e.g., test videos) has to be delivered over possibly slow connections
to the user has to be considered. Finally, motivational differences have to be taken into
account. Whereas in the lab experiment participants are motivated by genuine interest
in the research and/or by social pressure, in Internet-based experiments extrinsic mo-
tivation is to be generated via either financial incentives (i.e., from commercial online
experiment platforms, e.g., Mechanical Turk, or Microworkers) or amusement (i.e., from
social media platform, e.g., Facebook) [13].

Although challenging, these differences can be overcome through careful design and
by embedding reliability checks within the experiments. Previous works [17, 54] summa-
rized the recommendations and best practices for online QoE assessment of multimedia,
providing extensive evidence that by paying attention to the differences listed above in
the experimental design, results as reliable as those collected in the lab can be obtained
in online settings [14].

2http://projectimplicit.net/.
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4.2.4. FACEBOOK AS A RESEARCH TOOL FOR ONLINE EXPERIMENTING
A number of studies have shown that social media profiles, such as Facebook, convey
fairly accurate impressions of the profile owners [21, 55, 79–81]. For example, Facebook
profiles are shown to reflect personality of the profile owners in real-life [23], e.g., there
is a positive correlation between a user’s number of Facebook friends and a user’s ex-
traversion [20]. In addition, users typically use Facebook to maintain offline relation-
ships with their friends [21] by sharing photos/videos or posting comments [56]. Videos
spread much faster on social media (e.g., Facebook, Twitter) than on a video/image shar-
ing network (e.g., YouTube) [57]. In short, Facebook provides a compelling source of
measurable user information [58].

A growing number of researchers, especially in psychology and social science, have
begun to collect user information via Facebook for research purposes [17]. User informa-
tion from Facebook includes self-reported information (e.g., age, gender, current work-
place, etc.), digital traces of behavior (e.g., likes, posts, photo uploaded, etc.) and in-
formation contributed by others (e.g., photo tagged or comments on a user’s wall) [17].
Many studies have tried to estimate individual characteristics (e.g., personality, life sat-
isfaction) based on user information collected from Facebook. For instance, user’s per-
sonality traits are found to be significantly correlated with semantic features of status
updates [59], Facebook profile [23], number of friends [60], number of photos uploaded
[61], profile photos [83] and so on. Facebook ‘likes’ can be used to draw predictive pro-
files of the Facebook user’s race, sexual orientation, religion, IQ, and the like [62]. Users’
personal interest can be estimated by analyzing the self-statement in their profiles as
well as their previous activities e.g., videos watched or liked [63, 64]. Further, there has
been work studying the difference between recruiting users from Facebook, paid Mi-
croworkers crowdsourcing platforms, and traditional controlled lab environments [65].

Of course, due to privacy concerns, users have the right to limit access to parts of
their Facebook information [17, 21]. Thus, a well-designed Facebook application is needed
to engage users and make them willing to share their Facebook information with re-
searchers. MyPersonality, developed by [66], is a successful Facebook application to col-
lect user information through an online personality survey. The application attracted
more than 10 million users, and about 30% of its users were willing to share their Face-
book information with the authors. The above examples thus demonstrate the potential
of Facebook applications as a research tool to run subjective experiments by simultane-
ously collecting users’ information.

4.3. YOUQ: THE STRUCTURE AND DESIGN

W E developed a Facebook application (which obtained approval from Facebook),
YouQ, for the collection of individual video QoE data. YouQ has multiple advan-

tages:
(1) it can reach users with diverse demographics in real-life viewing environments;
(2) it can collect user information (e.g., age, gender, video watch history, uploaded

pictures) automatically from Facebook.
In addition, the app allows checking for user reliability at every stage of the experi-

ment. The app is open-sourced for research. Researchers are free to edit the set of stimuli
and questionnaires based as need be.
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4.3.1. OVERALL DESCRIPTION
YouQ organizes the entire process of online subjective testing in three main phases: (1)
Start Phase, (2) Test Phase, and (3) Score Phase as shown in Figure 4.1. At the beginning
of the Start phase, the user reaches the app page, and can log in from his/her Facebook
account to access the app. New users (i.e., users who have not used the app before) are
shown a short introduction and are asked consent to let YouQ retrieve the information
s/he has shared on Facebook. Returning users can read this information again anytime
by simply clicking the “About” button on the home page shown in Figure 4.2. A ques-
tionnaire is then presented to collect personal information: in our case, demographics,
personal interest on different video genres, and Big-Five personality. By doing so, we
intended to check whether such self-reported information matches the information au-
tomatically collected from Facebook. In parallel all the requested user Facebook infor-
mation is retrieved and stored in a database (see Section 4.3.2 for a detailed explanation).

Figure 4.1: The overall design of YouQ

In the Test phase, users perform the actual QoE experiment. In the case of YouQ, it
consists of video QoE rating. When the user starts this phase from the home page, and
s/he is already registered in the database, s/he is asked to perform a short training before
the actual test phase takes place. In this training phase, the user has to watch two sample
videos at two different distortion levels (to get familiar with the perceptual quality range
spanned by the test stimuli) and perform QoE evaluation as it would be done during the
test. Then, the actual experiment takes place and the user watches a video with a given
bitrate/quality. Next, s/he is asked to rate the viewing experience, in our case through
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a questionnaire (explained in detail in Section 4.3.4). In order to ensure the experiment
will not be affected by some unwanted impairments (e.g., buffering), it is necessary to
pre-cache all data required during the experiment [46]. In other words, a video will not
be played if it is not fully downloaded in the experiment. Once the user finished the
evaluation, the data, i.e., the name of the video watched and the questionnaire answers
are stored and the user is redirected to the next phase.

In the Score phase, the user first gets the summary of his/her personality traits and
is then asked how s/he wants to proceed. Note that the user is not required to evaluate
six (or more) videos. After each evaluation and score phase, the user can choose either
to evaluate more videos or to quit the test and application. If the user chooses to score
other videos, s/he will be redirected to the test phase, where s/he will be scoring videos
directly, without going through the training phase again.

Figure 4.2: Screenshots of YouQ. (A) represents the welcome page of YouQ; (B) represents partially the
questionnaire collecting personal information; (C) represents the test page of YouQ; (D) represents a sample

questionnaire regarding individual QoE.
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4.3.2. USER INFORMATION COLLECTED IN YOUQ
Users volunteer to share their Facebook information as part of the YouQ application
(note that the user retains the right to decide what to share and what not to). YouQ asks
for eight types of Facebook information. Requested data are the information in one’s
Facebook profile, including gender, age, as well as the user’s list of friends. In addition,
YouQ gets access to the list of all pages and Open Graph objects that a user has liked,
the photos and videos a user has uploaded and been tagged in, and the posts on a user’s
timeline, including his/her own and others posts. Note that YouQ can access this infor-
mation once a user agrees to give YouQ the access. Such personal information is shown
to capture many individual differences (i.e., personality [60, 61, 80, 81], demographics
[67], health [79], socioeconomic status [68] etc.) and consequently might be predictive
of individual QoE as well. For example, the total number of Facebook friends, uploaded
photos/videos, likes, posts are proven to be significantly correlated with personality [60,
61], and therefore, are collected by YouQ.

4.3.3. RELIABILITY CONTROL MECHANISMS

We introduce 5 types of reliability checks – before, during and after the experiment as
suggested in [54]:

1. When a user logs in with his/her Facebook account and agrees to share profile
information, YouQ collects his/her age/gender/ nationality. It then checks whether such
information matches the information s/he has given in the initial questionnaire (from
the start phase). Those who do not provide consistent information are not considered in
the analysis.

2. In the initial questionnaire, YouQ includes one reliability question to check whether
the user can understand English. The user will be asked to indicate the resolution of their
display. For those who don’t know the answer, it is also fine to just type in “DK”. Those
who do not provide a resolution value or “DK”, demonstrating they either don’t have suf-
ficient English proficiency or didn’t pay attention to the question, are not considered in
the analysis.

3. Consuming media with other tasks is an observed behavior in many people [69]
e.g., the study has shown that around 75% users are multitasking while watching televi-
sion [69]. To make sure users from the online experiment pay attention to the video and
are able to understand the video, we included a very simple content question (a multi-
ple choice, e.g., a man telling a joke for Figure 4.3, video 1) after each video, checking
whether participants paid attention to the video they just watched. Data from partici-
pants who do not answer this question correctly is not considered in the analysis.

4. YouQ tracks the time a user is staying on each page by collecting the timestamps. If
a user stays on a page far more than it normally takes (two times longer/shorter than the
reference time), the user’s response is discarded in the analysis, as it may indicate that
the user has been multi-tasking while evaluating the stimuli [54]. Note that the reference
time varies depending on the task and the length of the test video. In this work, the
reference time is set based on a pilot experiment which involved five users. The average
time spent on the task is defined as the reference time.

5. The questionnaires are answered on a Likert scale built out of radio buttons. All
questions must be answered, otherwise the user cannot continue.
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4.3.4. QUESTIONNAIRES USED IN YOUQ

YouQ has been designed to collect user information automatically (as explained in Sec-
tion 4.3.1) together with subjective QoE ratings. Specifically, YouQ measures the user’s
viewing experience in terms of perceptual quality and enjoyment, as it was proven in
previous research that these two aspects are core to characterizing Quality of Experience
[70]. For perceptual quality, YouQ asks the user to indicate the perceived overall quality
of a video s/he just watched on an ACR (i.e., Absolute Category Rating) scale [6]. Be-
sides perceptual quality, the measurement of QoE should also be complemented by a
measurement of the level of enjoyment of the experience, which reflects how much hap-
piness or fun a user gets from the video [70]. As a result, YouQ asks users to indicate their
level of enjoyment for the video they just watched on a 7-point Likert scale. The app
is also configurable to add further measurements of the viewing experience evaluation,
such as endurability, satisfaction, or involvement [11].

In addition, for this pilot phase of the app, we introduced a short introductory ques-
tionnaire (see “start phase” in Section 3.1), where we collected self-reports of user data
to cross-check with the Facebook data collected automatically. The introductory ques-
tionnaire asks participants to indicate their age, gender, nationality, and levels of interest
in different video genres (on a 7-point Likert scale). The “a bit about yourself” person-
ality questionnaire, mainly adapted from [71], is then presented, consisting of 10 items
to be scored on a 7-point Likert scale. The aggregated questionnaire results provide a
personality profile along the “Big-5” traits [71], including Openness, Conscientiousness,
Extraversion, Agreeableness, and Neuroticism.

Figure 4.3: The videos with their arousal curve used in this experiment. Here, the Y-axis represents the arousal
value (the intensity of emotion the video represents) whereas the X-axis represents the frame number. Video

1, 2, 3 represent videos with a low excitement level whereas video 4, 5, 6 represent videos with a high
excitement level. The number between brackets represents the mean value of the arousal curve.
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4.4. EXPERIMENTAL SETUP

T HE main goal of this chapter is to explore the suitability of Facebook to function as an
experimental platform for video individual QoE research. More concretely, the goal

is to create a Facebook experimental environment that is able to mimic users’ viewing
experience in real life, reflecting users’ natural behavior. As a first step, we intended
to verify whether the app we designed would provide reliable results when launched
“in the wild”, i.e., openly on Facebook without supervision and controlled settings, as
compared to a classic laboratory setting. As a second step, we wanted to check that the
results obtained were also in line with the existing literature on individual QoE [11, 12,
84–86]. To this end, we designed an experiment with a setup similar to that used for two
recent studies in the lab environment [11, 12], investigating the effect of personality and
demographics on perceptual quality and enjoyment of videos of varying bitrate, genre,
and affective content [11, 12].

We performed this experiment by using YouQ in two different sessions. In the first
one, participants were invited to use the app in a controlled laboratory setting, with an
experimenter supporting them throughout the task. In the second session, the app was
launched on Facebook and heavily advertised throughout the personal networks of the
authors. In the following, we describe the experimental setup for both sessions in more
detail.

4.4.1. STIMULI
We used six video contents from three genres (two contents per genre) in this experi-
ment (shown in Figure 4.3), and chose them according to the indications of [11]. All
video contents were originally from YouTube and in English. These videos were chosen
to match content associated with day-to-day user consumption [73]. In the traditional
video quality evaluation, users usually are asked to watch short samples (i.e., around 10
seconds video) with different visual impairments in them. Such short videos usually fail
to reach user engagement and attention close to real-life video viewing [72]. Authors
of [72] suggested at least 1-minute long videos to be able to engage users. In addition,
users from an online experiment can easily leave the experiment if it is too long. Authors
of [14] suggested that online experiments should not be longer than 10 minutes to keep
users motivated. Therefore, the duration of all test videos was limited to between 1 and 2
minutes to make sure users can engage in the video while being able to finish the whole
experiment in 10 minutes.

Videos were varied in terms of their affective content. The affective content of a video
(i.e., the intensity of emotion that is expected to arouse in the user while watching that
video [66, 87]) is suggested to influence individual viewing experience, and has been
previously investigated within individual QoE in [11] and [87]. For this reason, in our
experiment, we selected per each genre two content types, at high and low excitement
level, respectively. To determine the excitement level of a video, we took the mean value
of the arousal curve (as shown in Figure 4.3) throughout the whole video, calculated ac-
cording to [73]. During our lab experiment, we asked users to rate the affective response
for each test video on a 7-point Likert scale (i.e., reflecting how exciting the video that
the user just watched was). After collecting the data, a linear mix model was used to vali-
date the manipulation of affective content. Here, the affective ratings were considered as
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dependent variable, whereas the excitement level, bitrate, and genre were considered as
independent variables. The result shows that the test videos with high excitement level
were rated significantly higher than those with low excitement level (F = 60.284, p < .001).

All videos were encoded in H.264/AVC, 30 frames per second. To represent different
video quality conditions, we encoded each video at two bitrate levels, i.e., 2000kbps and
500kbps, according to what was done in [11]. As a result, a total number of 12 videos
were used in this study. The audio configuration of the videos was kept constant, in the
AAC format with a bit rate of 112kps, to avoid any effect of audio quality on overall QoE.
The video resolution was set to 896 × 504 pixels, which is the default size of a YouTube
video player, to accommodate for different screen resolutions.

Finally, two 10s video samples were used for training. One sample was encoded at
500kbps (representing lowest quality) while the other one was encoded at 2000kbps (rep-
resenting highest quality). By doing so, we intended to make the users acquainted with
the range of perceptual quality of the videos we had. The media configuration of these
samples is the same as for the test videos (30fps, 896 × 504, H.264 AVC). All videos used
in this study were encoded and stored on our server.

4.4.2. PROCEDURE

We performed this experiment via YouQ both in the lab and in the wild in order to com-
pare the results.

Lab Experiment. In the lab setting, users sat in front of a 27-inch display. The en-
vironmental setup, including the lighting settings, were strictly followed the ITU rec-
ommendations [6]. Users were greeted and explained the purpose of the experiment.
They were then asked to log into YouQ (displayed in a Google Chrome browser) with
their Facebook account, and to give us the permission to retrieve their information from
Facebook. They then reached a welcome page with a description of the experiment fol-
lowed by a short consent form. After giving consent, the user started the experimental
session, going through the three phases described in Section 4.3. First, the user filled in
the personal information requested by the starting questionnaire described in Section
4.3.4. Then, s/he performed the training session to understand the task and visualize
the different quality levels presented in the experiment. The test phase would then start,
with the user watching all 12 test videos after the training, presented in a random order
to avoid fatigue and memory effects. Note that in the lab experiment all users watched
all 12 videos in a within subjects setting, given that there were no constraints on the
brevity of the task. The experiment took about 40 minutes to finish, and users got on
their respective personality traits after watching the first 5 videos.

In-the-Wild Experiment. For the in-the-wild session of the experiment, YouQ was
openly published on Facebook, and users were recruited indirectly through advertise-
ment. Also, in this case, when logging into the app for the first time, the user has to give
consent for us to access his/her data and had to fill in the questionnaire on personal
data. After that, the test phase (see Section 4.3) started, and users completed the evalua-
tion of at least one video in a given bitrate. The test video was randomly selected from the
video pool. After finishing the first test video (and receiving the first bit of information on
their personality traits), the users could choose to quit the application or to continue and
evaluate another test video, until they saw at most one version of each of the six video



4

86 4. MEASURING INDIVIDUAL VIDEO QOE USING FACEBOOK

contents. As a result, the within-subject design adopted in the lab was mostly dismissed
in this phase, mainly to ensure that the task was kept short and engaging. It took around
10 minutes to finish the questionnaire plus the first test video.

4.5. RESULTS

4.5.1. YOUQ IN THE WILD AND IN THE LAB
Table 4.1 presents an overview of the participation in the two experimental sessions. In
the lab experiment, we had 20 users (5 Female and 15 Male), all of them students from
Delft University of Technology, aging from 20 to 32 with a mean age 27.8 years. Two
hundred and twenty-five (225) users joined the online experiment, but 89 users failed to
pass the reliability checks (e.g., inconsistency between self-report information and au-
tomatic Facebook information retrieval). As a result, 136 users (66 Female, 70 Male) were
recruited in the online experiment, aging from 15 to 70 with a mean age 31, and coming
from 17 countries (mainly from the USA, Canada and Netherlands). Each user rated on
average 1.55 videos and, on average, each test video received more than 15 ratings. In or-

Table 4.1: Demography of the Users in the Online and Lab Experiment

online lab
No. of users 136 20
Age in year Min: 15, Max: 70, Mean: 31 Min: 20, Max: 32, Mean: 27.8

Gender 66 Female, 70 Male 5 Female, 15 Male
Resident 17 countries Netherlands

der to check whether the online experiment could collect results as reliable as the lab ex-
periment, we built a linear mixed model where Bitrate level, Excitement level (i.e., mean
value of arousal curve), genre and experiment condition (i.e., in-the-wild or lab) were
considered as fixed factors, and user was considered as one random factor. Model pa-
rameters were determined with the restricted maximum likelihood method (REML). The
perceptual quality ratings (here, PQ indicates the overall perceptual quality of a user with
a video with the Absolute Category Rating [6]) and Enjoyment were used as dependent
variables. As rationale behind this type of analysis is that, if the in-the-wild experiment
was not reliable, we would obtain different effects of the fixed factors on Enjoyment and
Perceptual Quality and the factor Experiment condition would have a significant effect
on the dependent variables. It should also be noted that, although in previous compar-
isons between lab- and crowdsourcing-based experiments [19, 54] result reliability was
checked by, e.g., computing the correlation between the MOS obtained in the lab and
through crowdsourcing, for our purposes (i.e., measuring individual QoE), this had lit-
tle meaning as we were especially interested in the individual differences. The mixed
model we use allowed us instead to still check whether the main effects were consistent
throughout experimental conditions (i.e., between lab and in-the-wild), yet accounting
for individual differences (modeled through the random factor user).

As shown in Table 4.2, the excitement level (F = 43.31, p < .001) has a significant im-
pact on enjoyment whereas the bitrate level (F = 9.298, p < .001) has a significant impact
on PQ. There is no significant difference between the evaluations of enjoyment and PQ
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Table 4.2: The Linear Mixed Models for Enjoyment and PQ (indicating the Overall Perceptual Quality of a
video rated with the Absolute Category Rating)

Enjoyment PQ
Source F Sig. (p) F Sig. (p)

Experiment Condition .058 .810 2.289 .131
Intercept 2236.96 .000 3634.08 .000

Bitrate 0.082 .774 9.298 .000
Excitement 43.31 .000 .032 .859

Genre 0.099 .906 .225 .799

*Sig. stands for significance

Figure 4.4: Enjoyment and perceptual quality ratings obtained in the lab (blue columns) and in-the-wild
(green columns). In Figure 4.4(a), the Y-axis represents the mean value of enjoyment and PQ, whereas the

X-axis represents the two bitrate levels. In Figure 4.4(b), the Y-axis represents the mean value of enjoyment
and PQ whereas the X-axis represents the two excitement levels.
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performed in two experimental conditions (i.e., in the lab and in the wild). For enjoy-
ment, larger confidence intervals were found in the wild condition, for various bitrate
levels and excitement levels (as shown in Figure 4.4). This might due to the fact that en-
joyment is highly related to the user’s interest [11] and personal taste. The users from
the online experiment might be more divergent in terms of personal interest as com-
pared to those from the lab experiment, who were mostly from the Computer Science
department in a technical university. On the other hand, similar confidence intervals
were found in both conditions on perceptual quality suggesting all users had a similar
interpretation of video quality regardless the exprimental condition the user was in.

Table 4.3: A Summary of the Experimental Settings of CP-QAE-I and i_QoE

CP-QAE-I i_QoE

Users
Number 114 59

Nationalities 18 13
Gender 81Male/33Female 27Female/32Male

Outcomes
Enjoyment, Enjoyment,

Perceptual Quality Perceptual Quality
Input BFI-10, BFI-10, Interest

Questionnaires Hofstede Culture Questionnaire, Gender
Gender, Nationality

Stimuli

Videos 12 6

Number of 144 clips with varying 12 clips with two
Videos quality conditions bitrate levels

4.5.2. A SYSTEMATIC COMPARISON BETWEEN TWO RECENT STUDIES AND

YOUQ ON INDIVIDUAL QOE
The next step in verifying the suitability for Facebook to function as a platform for the
collection of individual QoE ratings is the comparison between the results from our on-
line experiment with two previous independent studies (i.e., i_QoE [4] and CP-QAE-I
[12]).

TWO SYSTEMATIC STUDIES ON INDIVIDUAL QOE
To the best of our knowledge, only two studies, i_QoE [11] and CP-QAE-I [12] have inves-
tigated systematically the influence of user factors on individual Quality of Experience.
These studies have targeted not only perceptual quality but also and explicitly enjoyment
of the experience, to obtain a more holistic view on what Multimedia (in this case, video)
experiences are and how user factors impact them. Table 4.3 summarizes the experi-
mental settings of the two studies. i_QoE found a weak correlation between perceptual
quality and enjoyment. Videos delivered at a low bitrate were reported as having signif-
icantly lower perceptual quality than videos with maximum bitrate (about 2000Kbps).
A corresponding drop in enjoyment was, however, not recorded. Looking at user fac-
tors, an influence of cultural background was found: users from Asia (e.g., China, India)
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tended to rate their enjoyment higher than those from western countries (e.g., UK, the
Netherlands). With respect to demographics, gender was shown to affect the user’s level
of involvement. In particular, males were easier involved with the video content than
females in this study, and this trend was independent of the video genre. Concerning
affective aspects, the level of interest that the user had in the genre of the video s/he was
about to watch was found to be positively correlated with enjoyment ratings. Finally,
a significant correlation between enjoyment and one of the big 5 personality traits, i.e.,
extraversion, was observed. CP-QAE-I also showed that lower system parameters (i.e.,
frame rate, bitrate, and resolution) to lower perception of video quality, but not neces-
sarily lower enjoyment. Lower frame rate had a negative effect on user’s level of enjoy-
ment whereas lower bitrate and resolution did not. Especially for content videos with
objectionable content (graphic murders etc.), no significant correlation between qual-
ity and enjoyment was found, which may be related to the level of interest users had in
them (although in this study interest was not measured). Enjoyment was found to be sig-
nificantly correlated with a subset of positive affect traits [12], i.e., joy, satisfaction, and
interest (note that, here, interest refers to user’s response to the video they just watched,
which is different from the definition of “interest” used in the i_QoE study). Finally, neu-
rotic users tend to enjoy videos with negative emotions (e.g., sad, fearful, or ashamed)
more.

COMPARISON

We compare these two studies with the results from our online experiment by using
an incremental approach. We use linear mixed-effects models with repeated measures,
with model parameters determined with REML, following the analysis method used in
our previous study [12]. We only consider common user factors that are available for
all three studies (i.e., gender and five personality traits) as input for the analysis. Per-
ceptual Quality and Enjoyment are treated as dependent variables separately. We first
analyze the outcomes of three studies separately, and then we outline similarities and
differences to understand how user factors play a role in individual QoE.

We first build baseline models which only consider common system factors of three
studies, i.e., bitrate and video content (considered as two fixed factors). The results for
Enjoyment and Perceptual Quality are shown in Tables 4.4 and 4.5, respectively. It can be
seen that both bitrate and video content have a significant effect on the Perceptual Qual-
ity in all three studies. With regard to Enjoyment, video content has shown a significant
impact whereas bitrate has not for all three studies.

Secondly, we build optimistic models to provide an estimate of the proportion of
residual variance which could be reasonably attributed to user factors [12]. The opti-
mistic models consider each user as a random factor, estimating intercept and slope of
the linear model per user separately. This allows the model to explain more variance by
taking into account individual differences. The optimistic models are then compared
with the baseline models on the Mean Squared Residuals (MSR). A reduction in the MSR
by the optimistic model with respect to the baseline one is attributed to the presence
of the user random factor, and indicates that by incorporating knowledge on individual
differences, more accurate models can be devised.
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Table 4.6: Extended model for Perceptual Quality on YouQ, i_QoE and CP-QAE-I

YouQ i_QoE CP-QAE-I
Source F Sig. F Sig. F Sig.

Intercept 67.436 .000 154.632 .000 67.315 .000
Bitrate 7.038 .000 51.137 .000 11.932 .001

Content 4.593 .001 11.982 .000 9.045 .000
Gender 1.159 .284 3.738 .054 .568 .451

Extraversion .000 .994 .035 .852 .001 .976
Agreeableness .009 .925 7.190 .008 3.069 .080

Conscientiousness .169 .682 .467 .495 5.382 .021
Neuroticism .122 .728 2.504 .115 5.934 .015

Openness .303 .583 1.138 .287 .788 .375

* Sig. stands for significance.

YouQ. For enjoyment, the MSR in the baseline model is 2.42. The optimistic model
reduces the MSR to 0.77 implying that 68% of the predicted variance is attributable to
individual differences. For Perceptual Quality, the MSR is reduced from 0.82 to 0.63 from
the baseline to optimistic model, indicating that an additional 24% of the variance can
be explained by the optimistic model, and hence by user factors.

i_QoE. For enjoyment, the MSR in the baseline model is 36.95. The optimistic model
reduces the MSR to 28 with an increase of 24% of the overall variance predicted. For
Perceptual Quality, the MSR is reduced from 0.76 to 0.61 from the baseline to optimistic
model, representing an increase in predicted variance of 20% attributable to users.

CP-QAE-I . For enjoyment, the MSR in the baseline model is 1.39. The optimistic
model reduces the MSR to 0.97 with an increase 30% of the overall variance predicted.
For Perceptual Quality, the MSR is reduced from 1.35 to 0.99 from the baseline to opti-
mistic model, hence the user factor allows an increase of 27% in the variance explained
by the model.

The results above illustrate the importance of user factors since a large proportion of
variance can be explained by considering users as a “random effect”, especially on the
results of YouQ. This suggests that the use of online testing may reveal even more about
individual differences in QoE, yet preserving reliable results with respect to the effect of
fixed factors on QoE ratings.

Modeling users as a random factor is useful to quantify the impact of user factors on
QoE, but has limited applicability when the models are to be deployed in real time to
steer individual QoE management, as it is impossible to know a-priori which intercept
and slope will correspond to each user. In that sense, it is more convenient to identify
individual traits that characterize the user and impact individual QoE, to be used as fixed
factors and co-variates in fully defined models. To this end, the next step in our analysis
is to identify the most informative user factors in predicting the experience of Enjoyment
and/or Perceptual Quality. Note that we only consider the common factors of the three
studies (YouQ, i_QoE, CP-QAE-I) as covariates with direct effects (i.e, five personality
traits and gender). Again, bitrate and video content are considered as two fixed factors.
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Table 4.7: Extended model for Enjoyment on YouQ, i_QoE and CP-QAE-I

YouQ i_QoE CP-QAE-I
Source F Sig. F Sig. F Sig.

Intercept 8.599 .004 18.330 .000 62.918 .000
Bitrate 1.170 .324 1.739 .188 .433 .510

Content 12.683 .000 18.894 .000 38.718 .000
Gender .174 .677 .077 .781 9.425 .002

Extraversion 7.600 .007 11.933 .001 .934 .334
Agreeableness .873 .352 .135 .714 3.990 .046

Conscientiousness .770 .382 2.507 .114 2.808 .094
Neuroticism .269 .605 .000 .984 .000 .984

Openness 4.134 .044 .211 .646 3.543 .060

* Sig. stands for significance.

The rest of the setup is kept the same as for the baseline models.
The results of the extended models are shown in Table 4.6 and 4.7. All significant ef-

fects are marked in red. For YouQ, an extroverted (F=7.6, p=0.007) and open (F=4.134,
p=0.044) user significantly enjoyed the content more. On the other hand, no personality
trait significantly affected Perceptual Quality. For i_QoE, an extroverted user (F=11.933,
p=0.001) is also found to significantly enjoy the content more. A user who has a more
agreeable personality tend to rate the Perceptual quality significantly higher (F=7.190,
p=0.008). For CP-QAE-I, female user (F=9.425, p=0.002) and agreeable users (F=3.990,
p=0.046) enjoy the video more. A user who tend to have a conscientious (F=5.382, p=0.021)
and/or nervous personality (F=5.934, p=0.015) rates Perceptual quality of a video signif-
icantly higher.

DISCUSSION

The previous analysis is, to the best of our knowledge, the first meta-analysis across the
existing systematic studies of the influence of user factors on individual Quality of Expe-
rience. From the results above, we find three major points:

1. The investigated system factors do not influence user’s level of Enjoyment, though
they have a clear negative effect on user’s Perceptual Quality, as expected from litera-
ture. Lower bitrate corresponds to lower Perceptual Quality, but that does not impact on
Enjoyment, implying users may still be satisfied with the experience, even if bit rate de-
creases a bit. As Enjoyment is strongly influenced by individual differences, user factors
should play a more prominent role in future video delivery optimization mechanisms.

2. User factors represent a large proportion of variance for both Enjoyment and Per-
ceptual Quality. The results of YouQ indicate that user factors play a major role in de-
termining individual experience. However, no single user factor is found to have a sig-
nificant impact on either Enjoyment or Perceptual Quality across the three studies. This
may be due to the fact that the three studies have only a limited number of user factors in
common, and that those are not the most informative ones. For example, i-QoE found a
strong impact of interest on Enjoyment, but this factor was not considered in CP-QAE-I,
and thus not included in the analysis. In fact, interest is significantly correlated to Enjoy-
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Table 4.8: Correlations between Facebook Information and Enjoyment and PQ on YouQ (the labels in the first
column are the information collected via YouQ as explained in Section 4.3.2)

Enjoyment PQ
Source Coeff.* Sig. Coeff. Sig.

user_Friends .098 .156 .092 .186
user_PhotosUpload .054 .437 .040 .566
user_PhotosTagged -0.026 .711 -0.088 .204

user_Status .142 .043 .111 .114
user_Likes 0.146 .035 .086 .214

* Coeff. stands for Coefficients. Sig. stands for significance.

ment for YouQ (r = 0.295, p = 0.01) suggesting users are interested in a certain genre (e.g.,
comedy) enjoy the video of that genre more. The result implies that more user factors
should be collected/considered in future QoE studies, and also that a large QoE dataset
with user factors is badly needed.

3. Content matters. Video content itself has been found to have a significant in-
fluence on individual QoE in all studies. Except for the above-mentioned relationship
between genre and amount of movement in the video which may impact perceptual
quality and enjoyment as a consequence, the differences in enjoyment between differ-
ent video content may relate to user factors (e.g., personality). For instance, users with a
certain type of personality (e.g., neurotic) tend to enjoy a certain type of video (e.g., sad
or fearful).

4.5.3. THE IMPACT OF USERS’ FACEBOOK PROFILE ON BOTH ENJOYMENT

AND PERCEPTUAL QUALITY

As introduced in Section 4.3.2, user information was collected automatically from the
Facebook profiles of users of YouQ during the Start phase in our experiment. This data
could be used to further improve our individual QoE models, having the advantage that
it can be collected automatically once the user has given consent. To show the useful-
ness of this Facebook information, as a first attempt, we performed a spearman rank
order correlation analysis between the Facebook information and two individual QoE
measures. Here, only the data from the online setting was considered. Since users tend
to like the content they enjoy, ratings on Enjoyment are found to have a positive signif-
icant correlation with the number of likes users gave (Table 4.8). However, there is no
significant correlation between PQ and the Facebook information.

Additionally, all types of Facebook information were normalized and put into a linear
model. Here, PQ and Enjoyment were considered as two dependent variables separately,
whereas bitrate and video content were considered as two fixed factors; age, gender, to-
tal numbers of photo uploaded, photo tagged, likes, friends and posts were considered
as covariates. The results are shown in Table 4.9: the number of user likes was found to
have significant impact on Enjoyment (F = 4.172, p = 0.043), none of the information has
a significant effect on PQ. These results indicate that Facebook information may have an
impact on individual viewing experience (i.e., Enjoyment) and should be further inves-
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Table 4.9: Linear Model for Enjoyment and PQ on the Importance of Facebook Information

Enjoyment PQ
Source F Sig. F Sig.

age 2.040 .156 .000 .983
gender .127 .722 .275 .601

user_Friends .845 .360 2.297 .132
user_PhotosUpload .859 .357 .000 .982
user_PhotosTagged 2.167 .145 3.140 .079

user_Status .200 .656 2.676 .104
user_Likes 4.172 .043 .033 .856

* Sig. stands for significance.

tigated. However, it is important to remark that these results are preliminary and more
data needs to be collected to further substantiate them. The use of non-linear models for
the prediction of Enjoyment and PQ may be beneficial to uncover complex interactions
among the different types of user information.

4.6. CONCLUSION

T HERE is no such thing as an “average” user. The next generation of multimedia ser-
vices has to be geared towards personalization and multimedia delivery needs to

start taking individual differences and preferences into account. The associated costs of
doing this, in terms of efforts and resources to conduct subjective tests, is, however, a
challenge. From a modeling standpoint, it also implies the adoptions of methods which
automatically sense user properties and incorporate them in existing quality metrics and
models.

In this chapter, we have furthered the understanding of individual Quality of Experi-
ence by reporting on the results of a study involving Facebook-based subjective experi-
ments. We designed YouQ, a Facebook application created to allow QoE evaluations of
video, which can be configured to collect both self-reports of user information as well as
personal data enclosed in the user’s Facebook profile. We have shown three important
outcomes. First, when launched on Facebook, YouQ allows us to collect data as reli-
ably as in classic lab experiments. In addition, it allows us to reach out to a much more
diverse set of users (with a higher gender balance and a greater diversity in cultural back-
grounds) with comparatively lower effort (for instance, the experimenter does not need
to be present during the experiments), and in a timespan comparable to that of classic
lab experiments.

Second, through the first meta-analysis of studies on individual QoE, we showed that
individual QoE evaluations collected through YouQ are consistent with those reported
in the literature [11, 12]; moreover, they also capture additional individual differences,
with a large part of the data variance explained by modeling the user as a random fac-
tor. This may, in part, be explained by the fact that every user who accessed the app
performed the experiment in a different environment and different device. On the other
hand, crowdsourcing studies have shown that the impact of different viewing and envi-
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ronmental settings on QoE ratings may be minimal. Hence, we can hypothesize that the
greater diversity in user responses is also due to the greater diversity in user background
and demographics, allowed by the use of the Facebook platform. We are still actively re-
cruiting participants and expect to have a follow-up study on a much larger cohort. The
reason that we want YouQ to go public is for more people in the field to see the value of
a Facebook-based experiment and build a great QoE test platform together with us.

Finally, we showed that the personal user information that YouQ automatically ac-
quires from the user profiles can be useful in modeling individual QoE more accurately.
For instance, the number of likes users gave is significantly correlated to their Enjoy-
ment. However, it should be noted that, given the importance of online privacy and data
protection, Facebook has currently restricted privacy regulations for its apps and it is
rather difficult to get approval to collect user information via Facebook apps, as users
have the rights to refuse giving their information while using our app. Therefore, more
fun and gamification elements should be added in YouQ to attract an even greater num-
ber of users, concomitantly ensuring they are willing to share their Facebook informa-
tion.

Our work raises the potential for some worthwhile future endeavors. Although clearly
pointing out the importance of investigating individual differences in QoE, our results
have also highlighted that the community is still far from having a clear picture of which
user factors are relevant in QoE optimization, and to what extent. As a first priority, the
community should aim at shedding some light on this issue. An inventory of potential
factors should be created, and their influence systematically investigated across systems
and services through empirical research and subjective studies.

Assessing the influence of these user factors on QoE will require extensive empirical
research and involve a large number of users in order to have a diverse enough (in terms
of individual differences in the factor under observation) sample population. In this
sense, traditional lab-based subjective experiments may be limiting. Besides the well-
known limitations in terms of ecological validity [76], lab-based subjective experiments
are often designed to minimize, rather than embrace, individual differences. Our study
proved that Facebook may be a valuable tool towards this end.

Of course, our ultimate goal is to achieve user-centered multimedia delivery opti-
mization and adaptation. For accomplishing this goal, user information needs to be ob-
tained and the user modeling community should distinguish between explicit and im-
plicit methods for inferring user characteristics [13]. Explicit methods require the user to
provide information directly, e.g., via web forms or questionnaires. Netflix, for example,
asks new users for an indication of their movie preferences with a star-based voting sys-
tem. When it comes to online optimization, for example for HTTP base adaptive video
streaming, explicit user data collection is inconvenient, especially when dynamic user
factors are of interest. Implicit, or unobtrusive, methods would be preferable in this case
and the study reported in this chapter has indeed shown that social media can be used
as a powerful research tool for future QoE evaluation. Nonetheless, more research needs
to be done to establish the right mix of methods to collect user information, striking a
balance between unobtrusiveness as well as user privacy concerns. We trust that the
community will pick up this challenge and, in so doing, go some way towards providing
a truly personalized user multimedia experience.





4.7. REFERENCE

4

97

4.7. REFERENCE
[1] Cisco Visual Networking Index. 2013. The zettabyte era–trends and analysis. Cisco
white paper (2013).

[2] Conviva. 2015. Experience report. Retrieved from http://www.conviva.com/conviva-
viewer-experience-report/ vxr-2015/.

[3] P. Le Callet, S. Möller, and A. Perkis. 2012. Qualinet White Paper on definitions of
quality of experience. ENQEMSS (COST Action IC 1003) (2012).

[4] Y. Zhu, A. Hanjalic, and J. A. Redi. 2016. QoE prediction for enriched assessment of
individual video viewing experience. ACM Mutimedia, Amsterdam.

[5] J. A. Redi, Y. Zhu, H. de Ridder, and I. Heynderickx. 2015. How passive image viewers
became active multimedia users. Springer.

[6] ITU-R BT.500-11, Methodology for the subjective assessment of the quality of televi-
sion pictures. International Telecommunication Union, Geneva, Switzerland, 4 (2002),
2.

[7] W. Lin and C.-C. Jay Kuo. 2011. Perceptual visual quality metrics: A survey. JVCI 22, 4
(2011), 297–312.

[8] R. Hu and P. Pu. 2011. Enhancing collaborative filtering systems with personality
information. ACM Recsys.

[9] W. Wu, L. Chen, and L. He. 2013. Using personality to adjust diversity in recom-
mender systems. ACM Hypertext.

[10] M. Swan. 2012. Health 2050: The realization of personalized medicine through
crowdsourcing, the quantified self, and the participatory biocitizen. J. Personalized Medicine
2, 3 (2012), 93–118.

[11] Y. Zhu, I. Heynderickx, and J. A. Redi. 2015. Understanding the role of social context
and user factors in video quality of experience. Computers in Human Behavior 49 (2015),
412–426.

[12] M. J. Scott, S. C. Guntuku, Y. Huan, W. Lin, and G. Ghinea. 2015. October. Modelling
human factors in perceptual multimedia quality: On the role of personality and culture.
ACM Multimedia.

[13] S. Möller and A. Raake. 2014. Quality of experience - advanced concepts, applica-
tions and methods. Springer International Publishing Switzerland 2014. https://doi.org/10.1007/978-
3-319-02681-7

[14] T. Hoßfeld, C. Keimel, M. Hirth, B. Gardlo, J. Habigt, K. Diepold, and P. Tran-Gia.
2014. Best practices for QoE crowdtesting: QoE assessment with crowdsourcing. IEEE
TMM 16, 2 (2014), 541–558.

[15] S. D. Gosling and W. Mason. 2015. Internet research in psychology. AR Psychology
66 (2015), 877–902.

[16] L. J. Skitka and E. G. Sargis. 2006. The internet as psychological laboratory. AR
Psychology 57 (2006), 529–555.

[17] M. Kosinski, S. C. Matz, S. D. Gosling, V. Popov, and D. Stillwell. 2015. Facebook as
a research tool for the social sciences: Opportunities, challenges, ethical considerations,



4

98 4. MEASURING INDIVIDUAL VIDEO QOE USING FACEBOOK

and practical guidelines. American Psychologist 70, 6 (2015), 543.

[18] A. Doan, R. Ramakrishnan, and A. Y. Halevy. 2011. Crowdsourcing systems on the
world-wide web. Communications of the ACM 54, 4 (2011), 86–96.

[19] J. Redi, E. Siahaan, P. Korshunov, J. Habigt, and T. Hossfeld. 2015. When the crowd
challenges the lab: lessons learnt from subjective studies on image aesthetic appeal.
CrowdMM 2015.

[20] K. Casler, L. Bickel, and E. Hackett. 2013. Separate but equal? A comparison of
participants and data gathered via Amazon’s MTurk, social media, and face-to-face be-
havioral testing. CHB 29, 6 (2013), 2156–2160.

[21] R. E. Wilson, S. D. Gosling, and L. T. Graham. 2012. A review of Facebook research in
the social sciences. Perspectives on Psychological Science 7, 3 (2012), 203–220.

[22] F. Delogu, M. Franetovic, and L. Shamir. 2015. Keep me posted!: Human and ma-
chine learning analysis of facebook updates. Mobile MM Communications, 2015.

[23] M. D. Back, J. M. Stopfer, S. Vazire, S. Gaddis, S. C. Schmukle, B. Egloff, and S. D.
Gosling. 2010. Facebook profiles reflect actual personality, not self-idealization. Psycho-
logical Science (2010).

[24] L. Gou, M. X. Zhou, and H. Yang. 2014. KnowMe and shareme: Understanding auto-
matically discovered personality traits from social media and user sharing preferences.
ACM CHI, 2014.

[25] N. Seitz. 2003. ITU-T QoS standards for IP-based networks. IEEE Communications
Magazine (2003), 82–89.

[26] P. Brooks and B. Hestnes. 2010. User measures of quality of experience: Why being
objective and quantitative is important. Network, IEEE 24, 2 (2010), 8–13.

[27] F. Dobrian, V. Sekar, A. Awan, I. Stoica, D. Joseph, A. Ganjam, J. Zhan, and H. Zhang.
2011. Understanding the impact of video quality on user engagement. ACM Computer
Communication Review (2011), 362–373.v [28] G. Ghinea and J. Thomas. 2005. Quality

of perception: user quality of service in multimedia presentations. IEEE Transactions on
Multimedia 7, 4 (2005), 786–789.

[29] S. Ickin, K. Wac, M. Fiedler, L. Janowski, J.-H. Hong, and A. K. Dey. 2012. Factors
influencing quality of experience of commonly used mobile applications. IEEE Com-
munications Magazine 50, 4 (2012), 48–56.

[30] A. Balachandran, V. Sekar, A. Akella, S. Seshan, I. Stoica, and H. Zhang. 2012. A
quest for an internet video qualityof-experience metric. In Proceedings of the 11th ACM
Workshop on Hot Topics in Networks. 2012.

[31] Q. Huynh-Thu and M. Ghanbari. 2008. Temporal aspect of perceived quality in
mobile video broadcasting. IEEE Transactions on Broadcasting 54, 3 (2008), 641–651.

[32] J. H. Westerink and J. A. Roufs. 1989. Subjective image quality as a function of view-
ing distance, resolution, and picture size. SMPTE Journal 98, 2 (1989), 113–119.

[33] N. Staelens, S. Moens, W. Van den Broeck, I. Marien, B. Vermeulen, P. Lambert, R.
Van de Walle, and P. Demeester. 2010. Assessing quality of experience of IPTV and video
on demand services in real-life environments. IEEE Transactions on Broadcasting 56, 4



4.7. REFERENCE

4

99

(2010), 458–466.

[34] K. Yamori and Y. Tanaka. 2004. Relation between willingness to pay and guaranteed
minimum bandwidth in multiplepriority service. Communications, 2004.

[35] C. Owsley, R. Sekuler, and D. Siemsen. 1983. Contrast sensitivity throughout adult-
hood. Vision Research, 1983.

[36] M. S. El-Nasr and S. Yan. 2006. 3dVisual attention in 3D video games. Workshop on
CST, 2006.

[37] P. Orero and A. Remael. 2007. Media for all: Subtitling for the deaf, audio description,
and sign language. Rodopi, 2007.

[38] R. E. Nisbett and Y. Miyamoto. 2005. The influence of culture: holistic versus analytic
perception. Trends in Cognitive Sciences 9, 10 (2005), 467–473.

[39] E. Balcetis and G. D. Lassiter. 2010. Social Psychology of Visual Perception. Psychol-
ogy Press, 2010.

[40] A. Acar, T. Taura, E. Yamamoto, and N. F. M. Yusof. 2011. Object vs. relation: Under-
standing the link between culture and cognition with the help of wordnet. Int. J. of Asian
Lang. Proc 21, 4 (2011), 199–208.

[41] I. Wechsung, M. Schulz, K.-P. Engelbrecht, J. Niemann, and S. Möller. 2011. All
users are (not) equal-the influence of user characteristics on perceived quality, modality
choice and performance. In Proceedings of the Paralinguistic Information and its Inte-
gration in Spoken Dialogue Systems Workshop. Springer, New York, NY.

[42] A. B. Naumann, I. Wechsung, and J. Hurtienne. 2010. Multimodal interaction: A suit-
able strategy for including older users? Interacting with Computers 22, 6 (2010), 465–474.

[43] P. J. Silvia. 2008. Interest—The curious emotion. Curr. Dir. Psychological Science 17,
1 (2008), 57–60.

[44] H. L. O’Brien and E. G. Toms. 2008. What is user engagement? A conceptual frame-
work for defining user engagement with technology. JAIST 59, 6 (2008), 938–955.

[45] P. Kortum and M. Sullivan. 2010. The effect of content desirability on subjective
video quality ratings. Human Factors: The Journal of the Human Factors and Ergonomics
Society 52, 1 (2010), 105–118.

[46] J. Palhais, R. S. Cruz, and M. S. Nunes. 2011. Quality of experience assessment in in-
ternet TV. In International Conference on Mobile Networks and Management. Springer,
Berlin, Heidelberg, 261–274.

[47] A. Sackl, R. Schatz, and A. Raake. 2017. More than I ever wanted or just good enough?
User expectations and subjective quality perception in the context of networked multi-
media services. QUEx 2, 1 (2017), 3.

[48] A. Sackl and R. Schatz. 2014. Got what you want? Modeling expectations to enhance
web QoE prediction. Quality of Multimedia Experience (QoMEX), IEEE, 2014.

[49] A. Sackl and R. Schatz. 2014. Evaluating the influence of expectations, price and con-
tent selection on video quality perception. Quality of Multimedia Experience (QoMEX),
IEEE, 2014.

[50] P. A. Kara, L. Bokor, A. Sackl, and M. Mourão. 2015. What your phone makes you see:



4

100 4. MEASURING INDIVIDUAL VIDEO QOE USING FACEBOOK

Investigation of the effect of end-user devices on the assessment of perceived multime-
dia quality. Quality of Multimedia Experience (QoMEX), IEEE, 2015.

[51] P. G. Engeldrum. 2000. Psychometric Scaling: A Toolkit for Imaging Systems Devel-
opment. Imcotek Press, 2000.

[52] A. G. Greenwald, D. E. McGhee, and J. L. Schwartz. 1998. Measuring individual
differences in implicit cognition: the implicit association test. Journal of Personality and
Social Psychology 74, 6 (1998), 1464.

[53] C. Keimel, J. Habigt, and K. Diepold. 2012. Challenges in crowd-based video quality
assessment. Quality of Multimedia Experience (QoMEX), IEEE, 2012.

[54] T. Hoßfeld, M. Hirth, J. Redi, F. Mazza, P. Korshunov, B. Naderi, M. Seufert, B. Gardlo,
S. Egger, and C. Keimel. 2014. Best practices and recommendations for crowdsourced
QoE-lessons learned from the qualinet task force. Crowdsourcing (2014).

[55] M. Weisbuch, Z. Ivcevic, and N. Ambady. 2009. On being liked on the web and in
the “real world”: Consistency in first impressions across personal webpages and sponta-
neous behavior. JESP 45, 3 (2009), 573–576.

[56] M. Burke, C. Marlow, and T. Lento. 2009. Feed me: Motivating newcomer contribu-
tion in social network sites. In Proceedings of the SIGCHI Conference on Human Factors
in Computing Systems. ACM, 2009.

[57] H. Li, H. Wang, J. Liu, and K. Xu. 2012. Video sharing in online social networks:
measurement and analysis. In Proceedings of the International Workshop on Network
and Operating System Support for Digital Audio and Video. ACM, 2012.

[58] L. T. Graham, C. J. Sandy, and S. D. Gosling. 2011. Manifestations of individual
differences in physical and virtual environments. The Wiley-Blackwell Handbook of In-
dividual Differences (2011), 773–800.

[59] D. Garcia and S. Sikström. 2014. The dark side of facebook: Semantic representa-
tions of status updates predict the dark triad of personality. Personality and Individual
Differences 67 (2014), 92–96.

[60] Y. Bachrach, M. Kosinski, T. Graepel, P. Kohli, and D. Stillwell. 2012. Personality
and patterns of Facebook usage. In Proceedings of the 4th Annual ACM Web Science
Conference. ACM, 2012.

[61] A. Eftekhar, C. Fullwood, and N. Morris. 2014. Capturing personality from facebook
photos and photo-related activities: How much exposure do you need? Computers in
Human Behavior 37 (2014), 162–170.

[62] M. Kosinski, D. Stillwell, and T. Graepel. 2013. Private traits and attributes are pre-
dictable from digital records of human behavior. Proceedings of the National Academy
of Sciences 110, 15 (2013), 5802–5805.

[63] M. Park, M. Naaman, and J. Berger. 2016. A data-driven study of view duration on
Youtube. arXiv:1603.08308 (2016).

[64] X. Yi, L. Hong, E. Zhong, N. N. Liu, and S. Rajan. 2014. Beyond clicks: Dwell time for
personalization. In Proceedings of the 8th ACM Conference on Recommender Systems.
ACM, 2014.



4.7. REFERENCE

4

101

[65] B. Gardlo, M. Ries, T. Hossfeld, and R. Schatz. 2012. Microworkers vs. facebook: The
impact of crowdsourcing platform choice on experimental results. Quality of Multime-
dia Experience (QoMEX), IEEE.

[66] D. J. Stillwell and M. Kosinski. 2004. Mypersonality project: Example of successful
utilization of online social networks for large-scale social research. American Psycholo-
gist 59, 2 (2004), 93–104.

[67] H. A. Schwartz, J. Eichstaedt, and M. E. Seligman. 2013. Personality, gender, and age
in the language of social media: The open-vocabulary approach. PloS one 8, 9 (2013),
e73791.

[68] D. Preoţiuc-Pietro, S. Volkova, V. Lampos, Y. Bachrach, and N. Aletras. 2015. Studying
user income through language, behaviour and affect in social media. PloS one 10, 9
(2015), e0138717.

[69] L. Zwarun and A. Hall. 2014. What’s going on? Age, distraction, and multitasking
during online survey taking. Computers in Human Behavior 41 (2014), 236–244.





5
CONCLUSION

1.This chapter consists of material adapted from J. Redi, Y. Zhu, H. de Ridder, I. Heynderickx. How Passive
Image Viewers Became Active Multimedia Users, in C. Deng, L. Ma, W. Lin, K.N. Ngan: Visual Signal Quality
Assessment pp 31-72, Springer, 2015.

103



5

104 5. CONCLUSION

5.1. MAIN CONTRIBUTIONS

T HE objective of the research reported in this thesis is to develop a feasible method
for predicting individual video viewing experience that considers multiple Quality

of Experience (QoE) aspects and multiple factors influencing these aspects. To this end,
three major steps were taken. The first and the second step investigated the relation-
ship between multiple QoE aspects and their influencing factors on the subjective level
(Chapter 2) and objective level (Chapter 3), respectively. These first two studies showed
that user factors, reflecting characteristics of a human user, play a critical role in QoE
prediction. The third step addressed the issue of reliable data collection for the research
on predicting individual QoE. We designed a Facebook-based application for conducting
subjective QoE experiments, while automatically collecting information about user fac-
tors at the same time. The data collected through this application can be used to train
the new model we proposed in Chapter 3 for individual QoE prediction. As a result, a
complete, feasible method for individual QoE prediction is presented in this thesis.

More specifically, the contributions that this thesis delivers to the QoE research com-
munity can be summarized as follows:

1. We show that QoE is a multifaceted quantity, and that enjoyment and perceptual
quality clearly reflect different aspects of QoE, both contributing to the user’s final QoE
judgement. Enjoyment is shown to be strongly related to the level of satisfaction a user
has with a video. We argue that enjoyment should be also considered as a primary aspect
in QoE assessment.

2. We show that QoE can be better predicted/characterized when user information
(user factors) is taken into account: combining information from video and user as input
for a QoE prediction model does a better job in predicting QoE than only using informa-
tion about the video. We argue that injecting user factors into QoE prediction models
enables further in-depth investigation of how user experience differs over demographics
or personality, hence enabling a personalized and accurate optimization of video expe-
rience.

3. We introduce one of the very first publicly available datasets for individual QoE
analysis: i_QoE. The creation of this dataset is motivated by the lack of existing video
QoE datasets targeting other aspects of QoE beside perceived quality. i_QoE provides in-
dividual QoE ratings on different QoE aspects, e.g., enjoyment, perceived quality, as well
as corresponding individual user information (e.g., gender, personality), as collected
through extensive user studies (Chapter 2). As such, it can be a valuable tool for QoE
researchers investigating the impact of user factors on individual QoE and automatic
(individual) QoE prediction.

4. We designed and developed a Facebook-based experimental platform for indi-
vidual QoE assessment, named YouQ. The objective was to perform subjective exper-
iments for video QoE evaluation while automatically collecting user information via a
user’s Facebook profile. YouQ is shown to reach out to a more diverse user demographic
with little effort as compared to subjective experiments conducted in a controlled lab
environment. We experimentally confirm that QoE ratings collected though YouQ are
coherent with those reported in traditional laboratory-based experiments, making YouQ
and social media-based experimentation an interesting option for individual QoE pre-
diction research.
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5.2. PRACTICAL IMPLICATIONS

S ERVICE providers know that the more users are satisfied, the longer they will remain
customers. Continuously offering satisfying viewing experience is not a static pro-

cess, it is a dynamic practice that service providers must stay on top of in order to receive
optimal results. Currently, most video services are “best-effort” services, i.e., bandwidth
is shared amongst all users, and therefore a user gets the video service based on his/her
current network conditions. Consequently, a viewing experience measurement relies on
network monitoring (e.g., delay) in order to estimate the quality perceived by the users
[1, 2].

This thesis challenges current methods in use. Our findings in Chapter 2 show how
service providers need to nail down the measurement of “enjoyment” which is closely
related to user satisfaction, to be able to properly characterize, and therefore optimize,
visual experience. In fact, the leading video service providers start embracing the con-
cept of “enjoyment”. In 2017, Netflix has replaced their classic 5-stars rating system with
a “thumbs up, thumbs down" system. Neil Hunt, the CPO of Netflix claims the prob-
lem of five point system is that “people subconsciously try to be critics. When they rate a
movie or show from one to five stars, they fall into trying to objectively assess the "quality,"
instead of basing the stars on how much enjoyment they got out of it. 1” Such binary rat-
ing system happens to hold the same view as our proposed QoE model in Chapter 3, i.e.,
focusing on “enjoyed” and “not enjoyed” experience.

Moreover, our proposed model in Chapter 3 allows service providers to make deci-
sions regarding user enjoyment and/or to optimize resources (e.g., bandwidth) accord-
ingly. It does so by (1) accounting for different QoE aspects (including enjoyment) and
(2) including the individual user perspective on video experience. As such, it could radi-
cally change the way streaming resources are optimized, yet guaranteeing high customer
satisfaction. For example, instead of using a passive approach and waiting for a user to
click on a video before transmission, service providers can estimate individual enjoy-
ment and preload a part of the video that the user might enjoy in order to reduce the
long loading time. Moreover, our model can be used to determine the user’s minimal
perceptual quality requirement to guarantee an enjoyable experience. Based on the out-
put of such model, another possible usage could be a smart personalized subscription
plan by providing multiple video quality levels for users to choose from. For example,
given a limited monthly data a user has access to, such smart plan can help the user to
wisely spend limited data on videos ensuring his/her enjoyment. With an estimation of
user enjoyment, service providers may also proactively reshape their bandwidth to bet-
ter fit in the limited network capacity. For example, instead of lowering perceptual qual-
ity for all active users when high network traffic load comes in, a smart dynamic traffic
distribution strategy may be developed to better allocate network capacity for individual
levels of enjoyment across active users.

This thesis shed light on individual experience prediction as well. Our results show
that it is possible to reliably predict the level of enjoyable experience in a particular view-
ing section, given the available data (both from video and user). Unlike most traditional
QoE models, our model aims at predicting the single experience a specific user has with

1Please find more information here: https://www.businessinsider.com/netflix-ditches-5-star-ratings-2017-3
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a specific video. Service providers need to determine what information they need to
collect based on its importance to the goal, e.g., user enjoyment and/or best video qual-
ity. Based on our findings in Chapter 4, we suggest social media as a valuable source of
information for improving the accuracy of individual experience prediction if the user
agrees to share his/her information. Currently, video service providers, such as Netflix
or Hulu, allow users to login with their social media accounts, e.g., Facebook and Twitter.
However, it is still unclear what the most relevant user information is for individual expe-
rience prediction. Therefore, video service providers intend to collect as much informa-
tion from a user’s social media account as possible. Sometimes they collect information
simply because they can, without any apparent reason. On the one hand, building an
accurate individual QoE model requires a combination of user information from social
media and information from the video platform, e,g., viewing time or viewing history,
to properly characterize user factors. But deeply digging into user’s social media infor-
mation leads to privacy issues. We think the problem here is that there is a gap between
what user information a video service provider is actually using, and what the user thinks
the service provider needs. For example, when a user uses Netflix service with his/her
Facebook account, he/she thinks it is just for convenience and may not be aware that
Netflix may also be looking into his/her Facebook likes and shared pages to improve the
user’s experience. We suggest to service providers to develop a tool/feature within their
service platforms, helping each user to understand where his/her information is used
in the service and to see when this usage takes place (e.g., an information usage notifi-
cation in the platform telling users which information is used and when for improving
their experience).

5.3. ANSWERS TO THE RESEARCH QUESTIONS

I N the following, we summarize the findings for each chapter and give answers to the
research questions.

1.a. Which user factors influence enjoyment and perceptual quality?
We answered this research question mainly in Chapter 2. We performed an empir-

ical study to investigate the role of user factors (i.e., gender, age, interest, culture back-
ground) in combination with system factors (i.e., the bitrate level of a video and video
genre) and contextual factors (i.e., the presence/absence of co-viewers). Based on the
analysis, we determined that 1) user interest in the video content was positively corre-
lated with that user’s enjoyment with the video being watched; 2) no significant impact
of any user factor was found for perceptual quality in our empirical study; 3) in addition,
male users were found to be less involved in the viewing experience than female users,
suggesting that gender influences viewing experience as well; 4) users with different cul-
tural background had different interpretation of the video content resulting in different
QoE ratings. In our study, Asian users rated their QoE significantly higher than Western
users. Our further analysis in Chapter 3 showed that personality significantly influenced
both enjoyment and perceptual quality, though different QoE aspects were influenced
by different personality traits.

1.b. How do user factors interact with each other and with context and system
factors in forming the final QoE impression?

We answered this research question by showing that 1) low bitrate levels did not af-
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fect user’s level of enjoyment when watching videos with friends, even though the users
could clearly spot the visual artifacts present in the video (Chapter 2); 2) although user
interest affected QoE in general, this effect might be suppressed by having company dur-
ing the viewing experience (Chapter 2); 3) video content was found to have a significant
impact on QoE together with user factors (Chapter 4). For example, users with a certain
type of personality (e.g., neurotic) were more likely to have an enjoyable experience with
a certain type of video (e.g., sad or fearful). We concluded that user factors would influ-
ence QoE, particularly in enjoyment. User factors (such as interest and personality) were
interrelated and interacted with system/contextual factors, reflecting whether a user had
an enjoyable experience or not.

2. Can we design an objective quality model that, by processing user, system, and
context information, is able to predict individual QoE?

This research question was mainly addressed in Chapter 3. We proposed a new
model by incorporating information related to both system and user factors. We vali-
dated our model based on two publicly available QoE datasets. We showed that com-
bining user factors with information from videos (i.e., the perceptual characteristics and
the affective charge) could achieve better performance than considering only one type of
input information. More in depth, we showed that enjoyment could be better predicted
by adding user information related to user interest and personality. Perceived Quality
prediction could be improved as well by adding user information related to personality
and gender. We concluded that user factors could help improve the performance of QoE
prediction in general, but predicting Enjoyment and Perceived Quality required different
sets of user information.

3.a. Can we use social media as a platform to perform online experiments aimed
at collecting reliable subjective assessments of QoE?

3.b. Can social media-based experimentation support the reliable and unobtru-
sive collection of user factor data?

To answer this research question, we developed YouQ, an online platform to con-
duct subjective QoE experiments. Via YouQ, we were able to collect user information
both from self-reports and user’s Facebook profile. In particular, the information from
the Facebook profile can be collected automatically with user’s permission. Our analy-
sis showed that the user information collected from Facebook profile was useful for QoE
prediction. We tested YouQ both on Facebook and in a controlled lab experiment. In
addition, the data collected in Facebook were further compared with two previous in-
dependent studies. We found that Facebook-based experiments could acquire data as
reliably as a lab experiment, meanwhile capturing more individual differences. These
individual differences were due to the diverse demographics YouQ could reach through
Facebook. These findings encouraged us to consider Facebook as an appealing source
for future individual QoE research.

5.4. LESSONS LEARNED AND FUTURE DIRECTIONS

W E conclude this thesis with an overview of the limitations we identified and high-
light some possible directions for further research. As it should be clear by now,

user factors play a crucial role in predicting individual QoE. Individual differences should
be taken into account in the production and distribution of multimedia content. How-
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ever, individual QoE prediction is a rather challenging problem, and this thesis is just
an initial step towards solving it. A number of actions still need to be taken to inject
knowledge in the QoE community. Below we elaborate on each action in more detail.

(1) There are still many unexplored user factors
Although clearly pointing out the importance of investigating individual differences

in QoE, this thesis has only investigated a limited number of user factors (i.e., interest,
gender, culture background and personality). We believe the QoE community should
aim at creating a taxonomy of user factors and their impact on multimedia experiences.

There are certainly many other user factors that potentially influence Quality of Ex-
perience. It is commonly agreed that user factors can have a relatively stable character
(i.e., invariant through time) or rather a variable one [3]. In fact, this thesis only inves-
tigated several stable factors (e.g., personality, culture and interest), since they are rela-
tively easy to quantify and embed into individual QoE prediction models. Previous expe-
rience is one stable factor that we did not investigate but that quite clearly may influence
QoE. Depending on previous experiences, users form expectations regarding enjoyment
and perceptual quality that may differ considerably on an individual basis [4]. In [5], au-
thors suggested to take user’s previous experience into account in QoE evaluation. Most
users now watch, rate (like/dislike), comment and share videos online, which will be
logged on social media and/or in the databases of the video providers. This information
can be considered as a representation of a user’s previous experience. In fact, the lead-
ing service providers (e.g., Netflix, YouTube) have used such information to recommend
new videos to their users [6, 7]. For example, Netflix recommends video that a user may
like to watch based on his/her previously watched videos [6]. It would be interesting to
take one step further and see whether this information can predict individual QoE.

Variable factors, such as curiosity, are also important to investigate. Users intend to
seek elements that are new or unusual in one’s environment [8]: novel elements attract
curious users and bring out enjoyable experiences [9, 10]. User’s current emotional state
is another variable user factor. Emotion is a reaction towards a specific object or event
[11] and users may therefore experience positive or negative emotional states during the
interaction with online video services, influencing their (judgment on the) experience.
In a similar way, affective states pre-existing the experience may influence it too [12].
For example, negative emotional states, such as frustration, anxiety, and boredom, may
lead to a lower appreciation of the experience [13]. We see some early attempts trying
to incorporate a user’s emotional state into QoE models [14-17]. However, variable user
factors change rapidly over time, making them difficult to quantify. Effort is needed in
order to find ways to accurately track these variable user factors. While most research
in this direction is now using accurate implicit physiological response (EEG, Skin con-
ductance, etc.,), the devices necessary to collect this information are still quite obtru-
sive and may not be usable for predicting everyday experiences of paying consumers
[16, 17]. We see that more convenient and smart devices (e.g., Microsoft Band 2 or Apple
Watch2) equipped with physiological sensors (measuring e.g., heart rate, or galvanic skin
response) have been released on the market. A few studies have tried to use such devices
to measure multimedia experience [18]. However, these commercial devices usually sac-

2Microsoft Band: https://www.microsoft.com/en-us/band
2Apple watch: https://www.apple.com/lae/watch/
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rifice accuracy and performance in order to improve comfort and lower the price [17]. To
this end, it is necessary to validate the reliability of commercial devices as compared to
the traditional ones used in the lab and select a promising set of physiological responses
that are meaningful to viewing experience. At last, it is interesting to check whether con-
sidering these implicit physiological responses as additional input can improve the per-
formance of our individual QoE prediction model.

It is important to note that the abovementioned user factors are not a complete list.
More physiological, demographic, affective and socio-cultural factors exist that may be
worth exploring. Furthermore, it is worth remarking that there are some user factors
(e.g., socio-economic or educational background) that are also considered to be part of
the contextual factors, because these factors are difficult to disentangle and categorize
[11]. Creating an inventory of influencing user factors on QoE is quite challenging but
will have profound significance to the QoE community.

(2) A large-scale QoE empirical experiment requires a well-designed, popular so-
cial media-based application

Studying user factors will require extensive empirical experiments. We recommend
to use Facebook as the primary social media experimental platform for video QoE re-
search since other social media platforms are not particularly good for video sharing. For
example, Instagram is ideally suited for image sharing. This thesis investigated Facebook
as a platform to run extensive empirical studies ensuring sufficient diversity across users.
However, there are still challenges ahead in this research direction. First, we found that
the use of social media for empirical research was less straightforward than expected. In
particular, similar to what was observed for crowdsourcing-based experimentation [19],
short tasks are mandatory for social media–based experiments in order to limit the risk
of disengagement of users. This poses limitations when investigating user factors e.g.
on personal traits (e.g. personality, intelligence, creativity), which are typically quanti-
fied through extensive self-report questionnaires. Further research is needed to trans-
form these self-report questionnaires into sufficiently short versions to be included in
5-minutes QoE assessment tasks. Alternatively, proxy measures, e.g., the analysis of user
behavior on social media or comment analysis, should be found allowing us to assess
user factors in a short time.

In addition, we have to look for new ways to attract users to join the Facebook-based
experiment. YouQ is still not comparable with those apps attracting millions of active
users. According to [20], the most effective way to attract users on Facebook is by so-
called “snowball sampling”, i.e., convincing the existing users to invite their friends to
join. For example, MyPersonality [21], one of the most popular Facebook experimental
applications, was originally shared with 150 Facebook users, and finally attracted over
6 million users in 4 years. However, making a Facebook experimental platform go viral
requires great efforts in aesthetic design, appealing gamification elements and socially
supercharged functions [20]. As a result, developing such application needs a large num-
ber of people combining different expertise, as well as the necessary funding. That is why
we decided to open source our YouQ application. We hope the QoE community can see
the value of Facebook-based experimentation and will work together towards improving
this experimental platform.

(3) The QoE community needs to compile a code for ethical treatment of user data
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In this thesis, we showed that user factors are important in predicting individual
viewing experience and Facebook has made it easier than ever before to collect data
on user factors in an unobtrusive fashion. At the time of writing this thesis, Facebook
provides 55 sources of user information for its application, ranging from self-provided
information (e.g., user’s name, age, and/or favorite movies) to user activity information
(e.g., user’s likes, attended events, and/or installed applications). Although this user in-
formation has great value for QoE research, it introduces great ethical challenges (i.e.,
privacy preservation) as well. How to provide personalized experiences without invad-
ing privacy?

Users are usually more worried about their privacy as compared to the benefits they
receive from personalized services [22]. The research community should treat privacy
with extra care when collecting user information unobtrusively (even more if it comes
from social media, where the information was shared with different intent than that of
the research). Based on our experience in designing Facebook-based experimentation,
we would give the following suggestions:

1) Researchers should always inform the users about the intention of the experiment
they are about to join, make sure the users are aware of the potential privacy risk, i.e., let
users know what kind of personal information the experiment is about to collect, how it
will be stored, protected, and for how long it will be kept.

2) Users should be able to stop sharing their information at any time they want. This
is also suggested by Facebook, because it allows users to be in control over their own
data.

3) Researchers should remove from the data analysis and storage username, profile
pictures or any other sensitive information which may potentially trace back to a specific
user [23].

4) Researchers should only use/collect the user information related to the experi-
ment. They should not blindly collect all sorts of user information from social media
only because it is technically possible.

5) Researchers should be aware that any model making automatic decisions (e.g.,
loan, health insurance) may produce discriminatory and unfair outcomes, especially
when it comes to individual prediction. Therefore, we would suggest to have an ethi-
cal review process before publishing papers related to those topics. More importantly,
when deploying any of such models in the market, it should be transparent to its user,
letting the user understand how the decision has been made and what type of personal
information has been used as input.

On 25 May 2018, the General Data Protection Regulation (GDPR) 4 is implemented
in the EU to protect online privacy for all individuals within Europe. However, until now,
only very few documents provided guidelines for internet-based experimentation [24,
25], the latest one was even before Facebook was founded. Recently, authors from [23]
proposed a protocol for health research using social media. We argue that a standard
protocol is urgently needed for Facebook-based QoE research, i.e., a guideline for de-
signing experiments, storing data, and analyzing results without violating individual pri-
vacy. Such clear protocol can help researchers achieve better ethical clearance and share
their results with the QoE community.

4More information at: https://www.eugdpr.org/
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