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Abstract

The use of subjective studies in telecommunications has a tradition nearly as long as the field itself. From
early investigations of telegraph circuits and telephone transmission, through the adaptation of the Mean
Opinion Score (MOS), to the E-model and learned quality metrics, user judgments have continuously guided
the advancement of communication systems. In this sense, Quality of Experience (QoE) is not a new per-
spective, but rather a modern articulation of historical principles. With the rise of adaptive video streaming

and perceptually trained quality metrics, QoE is now an important part of telecommunications advancement.

Yet a persistent gap between theoretical richness and practical application of QoE remains a crucial
shortcoming. Theoretical models of QoE describe complex causal structures with multiple Influential Fac-
tors (IFs) crossing human, system, and context domains. By contrast, standardized measurements such as
ACR or JND reduce this complexity to ensure reliability and comparability, leaving most IFs unmeasured.
This contrast raises fundamental questions about the external validity of current QoE tests and the extent to

which they capture the lived experience of video service users.

This dissertation addresses this challenge through a three-part research design. First, it introduces and
validates a memory recall-based questionnaire for the exploration of Influential Factors in ecologically valid
contexts. Applied across different substudies (VoD, live streaming, video chat), the method was used to
capture distinct cognitive, affective, and behavioral dimensions of QoE. Second, based on these findings,
the thesis proposes a parsimonious theoretical model of video QoE in the form of a path diagram linking
QoS, content, perceived multimedia signal quality, delight/annoyance, and behavioral outcomes. Third, two
experimental studies tested the most important Influential Factor derived from the exploratory stage: one
examined whether emotionally evocative content biases ACR ratings, while the other investigated whether

social presence alters evaluations when watching together versus alone.

The results demonstrated that the recall questionnaire provided a consistent and reliable way to identify
and rank Influential Factors across different service types. After the memory reconstruction procedure, par-
ticipants gave more stable responses and placed greater emphasis on factors such as content quality and so-
cial presence, while technical aspects like device or network conditions played a smaller role. The proposed
theoretical model integrated these findings into a path structure, providing distinct Quality of Experience
layers. The two experimental studies showed that, despite being highlighted as important in the exploratory
stage, emotionally evocative content and social presence did not alter ACR ratings. Instead, ACR scores

were almost entirely determined by quality manipulation.

The main contributions of this work are therefore fourfold. (1) It establishes memory recall as a valid

and practical method for identifying IFs in naturalistic contexts. (2) It develops a theoretical model that



clarifies how technical and experiential factors interact within video QoE. (3) It provides empirical evidence
that ACR, while reliable, has clear boundaries: it captures perceived signal quality but not the broader expe-
riential dimensions of content or social context. (4) It formulates concrete recommendations for academia
and industry on when and how to complement standardized tests and quality metrics, and outlines what is
needed for domain advancement.

Beyond its empirical findings, the work has influenced international discussions within the Video Qual-
ity Experts Group (VQEG), where new layered definitions of QoE are being elaborated. In sum, this dis-
sertation strengthens the methodological foundations of QoE research and provides guidance for designing,

interpreting, and applying video quality tests in the evolving landscape of telecommunication services.



Streszczenie

Wykorzystanie badan subiektywnych w telekomunikacji ma tradycj¢ niemal tak dlugg jak sama ta dziedz-
ina. Od wczesnych badan nad obwodami telegraficznymi i transmisja telefoniczna, poprzez adaptacje Mean
Opinion Score (MOS), az po model E i wyuczone metryki jakoSci — oceny uzytkownikéw nieustannie
kierowaty rozwojem systemdéw komunikacyjnych. W tym sensie Quality of Experience (QoE) nie jest nowa
perspektywa, lecz wspdtczesnym rozwinigciem zasad historycznych. Wraz z rozwojem adaptacyjnego stru-
mieniowania wideo i percepcyjnie trenowanych metryk jakosci, QoE stato si¢ dzi§ istotnym elementem

postepu w telekomunikacji.

Jednak utrzymujaca si¢ luka migdzy obszernym opisem teoretycznym a praktycznym zastosowaniem
QoE pozostaje kluczowym brakiem. Teoretyczne modele QoE opisuja zlozone struktury przyczynowe z
wieloma czynnikami wptywajacymi (Influential Factors, IFs), obejmujacymi domeny ludzka, systemowa
i kontekstowa. Natomiast znormalizowane pomiary, takie jak ACR czy JND, redukuja te ztozonos¢, aby
zapewnic rzetelno$¢ i poréwnywalnos$¢, pozostawiajac wigkszo$¢ IFs niezmierzonych. Ten kontrast rodzi
fundamentalne pytania o zewnetrzna trafnosS¢ obecnych testow QoE oraz o to, w jakim stopniu oddajg one

rzeczywiste doSwiadczenie uzytkownikéw ustug wideo.

Niniejsza rozprawa podejmuje ten problem poprzez projekt badawczy ztozony z trzech czgsci. Po pier-
wsze, wprowadza i waliduje kwestionariusz oparty na pamigciowym odtwarzaniu do§wiadczen do eksplo-
racji czynnikéw wplywajacych w ekologicznie trafnych kontekstach. Zastosowany w réznych podbada-
niach (VoD, transmisja na zywo, wideorozmowa) pozwolil uchwyci¢ odrgbne wymiary poznawcze, afek-
tywne i behawioralne QoE. Po drugie, na podstawie tych wynikow rozprawa proponuje parsymoniczny
model teoretyczny wideo QoE w formie diagramu Sciezkowego, taczacego QoS, tres¢, postrzegang jakos¢
sygnalu multimedialnego, doznania przyjemnoSci/irytacji oraz rezultaty behawioralne. Po trzecie, dwa
badania eksperymentalne przetestowaly najwazniejsze czynniki wytonione w etapie eksploracyjnym: jedno
sprawdzato, czy emocjonalnie poruszajace tresci znieksztatcaja oceny ACR, a drugie badato, czy obecnos¢

spoteczna wptywa na oceny podczas wspdlnego ogladania w poréwnaniu z ogladaniem w pojedynke.

Wyniki pokazaty, ze kwestionariusz pamigciowy stanowi spdjng i rzetelna metode identyfikacji oraz
porzadkowania czynnikow wplywajacych w réznych typach ustug. Po procedurze odtwarzania pamig-
ciowego uczestnicy udzielali stabilniejszych odpowiedzi i wigksza wage przypisywali takim czynnikom jak
tre$¢ i obecnos$¢ spoteczna, podczas gdy aspekty techniczne — jak urzadzenie czy jakos¢ sieci — odgrywaty
mniejsza role. Zaproponowany model teoretyczny zintegrowal te wyniki w strukturg Sciezkowa, wyraznie

wyrdzniajac warstwy QoE. Dwa badania eksperymentalne pokazaty natomiast, ze mimo iz tre$¢ i obecnos¢
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spoleczna zostaly uznane za istotne w badaniu eksploracyjnym, nie wptynety one na oceny ACR. Oceny te
byly niemal catkowicie determinowane przez manipulacj¢ jakoScia sygnatu.

Gtéwne wklady niniejszej pracy maja zatem cztery aspekty. (1) Prezentuje ona pamigciowe odtwarzanie
doswiadczen jako wazna i praktyczna metode identyfikacji czynnikéw wplywajacych w naturalistycznych
kontekstach. (2) Rozwija model teoretyczny, ktéry wyjasnia, jak czynniki techniczne i do§wiadczeniowe
oddziatuja w ramach wideo QoE. (3) Dostarcza empirycznych dowodéw, ze ACR, mimo rzetelnosci,
ma wyraZne granice: obejmuje postrzegang jako$¢ sygnatu, lecz nie szersze wymiary do§wiadczeniowe
zwiazane z tre$cig czy kontekstem spotecznym. (4) Formuluje konkretne rekomendacje dla §rodowiska aka-
demickiego i przemystu dotyczace tego, kiedy i jak uzupetniaé testy znormalizowane i metryki jakosci oraz
wskazuje, co jest potrzebne dla dalszego rozwoju dziedziny.

Poza wynikami empirycznymi, praca ta wplynela takze na migdzynarodowe dyskusje w ramach Video
Quality Experts Group (VQEG), gdzie opracowywane sa nowe warstwowe definicje QoE. Podsumowujac,
niniejsza rozprawa wzmacnia metodologiczne fundamenty badai QoE i dostarcza wskazéwek dotyczacych
projektowania, interpretacji i stosowania testow jakosci wideo w zmieniajacym sig¢ krajobrazie ustug teleko-

munikacyjnych.
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Chapter 1
Introduction and Theoretical Background

In the initial phase of working on this thesis, I had a superstition that QoE is a relatively new domain, which
was established to enrich the technical Quality of Service perspective with human perception. Thanks to
Pablo Pérez’s work [[144], I found this superstition to be false. Due to that, I would like to start this intro-
duction with the description of the work of giants on whose shoulders today’s telecommunication research
stands. While some of the discussed papers are almost 100 years old, they provide a blueprint for how
subjective studies have been used in the advancement of telecommunications.

Later, I will show how this original approach of incorporating subjective studies into telecommunica-
tion development is still a scientific frontier. With this background, I will describe the theoretical frame of
QOoE, its standardized methods, models, and applications, highlighting the gap between theory and practice.
Then, I will describe the state-of-the-art work that aims to fill this gap. With this overview, I will present
the motivation for the original research presented in the rest of this thesis, together with hypotheses and

objectives.

1.1 Subjective Tests in Telecommunications: A Historical Perspective

The use of subjective quality tests has a history almost as long as telecommunication itself. In the context of
telegraphy, Herman [68] studied the relation between signal distortion and perceived transmission quality
in circuits using the American Morse Code. He examined three types of distortion: bias, characteristic,
and fortuitous, and analyzed how they affected both the accuracy of message reception and the opinions
of operators regarding circuit usability. To carry out the study, he built an artificial telegraph circuit where
controlled amounts of distortion could be introduced. Four operators transmitted messages with a semi-
automatic key at a rate of 13.5 dots per second, while receivers copied Hungarian text unfamiliar to them
to reduce reliance on context. Distortion levels were measured with dedicated apparatus, and after each
message, the operators reported their judgment of circuit quality. The results showed a gap between technical
accuracy and subjective evaluation. Operators often considered a circuit unsatisfactory before errors became
frequent, pointing to the extra effort and fatigue caused by distorted signals. This result shows that subjective
assessment might differ from objective quality even in the context of telegraphy. To highlight the historical

context, it is worth noting that this publication predates the first working transistor by 18 years [157].
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1. Introduction and Theoretical Background 2

Herman’s investigation into distortion effects reflected a wider concern with the reliability of telegraph
systems. Already in 1884, Rex [[155]] discussed this problem from a legal perspective, showing that quality
issues were tied to responsibility and trust in telegraph services. In this sense, subjective studies of telegraph
quality can be seen as part of a broader response to the challenge of reliability. This explains a strong
motivation for the incorporation of subjective studies into the development of the telegraph grid.

With the development of telephony, Bell Labs continued the subjective test tradition, conducting several
studies to model perceived quality. Martin [[127]], for example, proposed a rating method based on the rate
of repetitions in natural telephone conversations. Instead of relying only on physical circuit characteristics
such as attenuation or frequency response, he emphasized the joint action of talker, listener, and circuit. The
method showed that users adjust loudness, articulation, and effort depending on circuit conditions, and that
these human factors strongly influence conversational success. By using repetition rate as the main indicator,
Bell Labs introduced a user-centered measure of transmission performance that linked technical parameters
with perceived communication quality.

Further development of subjective tests brought systematic scale-based quality assessments. For ex-
ample, Coolidge and Reier [35] examined how received speech volume affects user satisfaction. Through
controlled laboratory experiments, they mapped listener judgments into categories such as Good, Fair, or
Poor, and showed that preferences depend not only on technical volume levels but also on the effort required
from the listener. Their work highlighted that acceptable transmission quality is best understood statisti-
cally, as a distribution of opinions across users, and established “grade of service” objectives that explicitly
incorporated human factors into network design.

With the introduction of standardized rating procedures, quality judgments were placed on a fixed five-
point scale ranging from Excellent to Bad. By attaching numerical labels to these categories, researchers
were able to compute the Mean Opinion Score (MOS), defined as the arithmetic mean of all individual
ratings. This transformation of subjective opinions into a single comparable index provided a robust way
to compare results across laboratories and countries. The adoption of MOS by the International Telegraph
and Telephone Consultative Committee (CCITT) in the 1956 [75] marked its recognition as the official
standard for subjective telephone quality assessment. The document that is now in force, describing MOS,
was provided by the International Telecommunication Union Standardization Sector in [86] and defines
MoS with equation (I.1).

N
MOS = E”]:\;R” (1.1)

where R,, are the individual ratings for a given stimulus by N subjects.

With the foundation of MOS established, subjective tests could move from description to prediction
further. Cavanaugh, Hatch, and Sullivan [28] extended MOS-based studies by introducing a generalized
transmission-rating scale . This scale was anchored at reference conditions and allowed results from dif-
ferent tests to be combined, reducing variability due to subject groups or test design. Subjective opinion re-
mained expressed through MOS, but now was mapped probabilistically from the transmission rating, linking
technical parameters directly to expected proportions of calls judged “good or better” or “poor or worse.”

Their analysis drew on seven large-scale tests conducted between 1965 and 1972, including more than 8000

K. Koniuch  Factors Influencing QoE by Users of Video Service



1. Introduction and Theoretical Background 3

ratings from Bell Labs employees under controlled variations of loudness loss, circuit noise, and echo-path
delay. The resulting models included separate expressions for loss—noise, echo, and their combined effect.

For example, the transmission rating for loss and noise was modeled as

Rpy = 147.76 — 2.257\/(L — 7.2)2 + 1 — 2.009V/N’ + 0.02037 (L - N'), (1.2)

where L is the connection loudness loss (dB), NN is the circuit noise (dBrnC), and N’ = v/ N2 + 27.372
represents the combined noise power.

This framework became a cornerstone of network planning, allowing engineers to quantify how techni-
cal impairments would be perceived by users and to set grade-of-service objectives.

This brief historical overview illustrates the foundations of using subjective studies for the development
of telecommunication systems. The general approach was to identify factors that influence the acceptance
level, manipulate objective signal quality, collect subjective judgments, and derive models that predict user
satisfaction. While methodologies have evolved, the principle has stayed the same. The next section will

outline how subjective studies are comparably adapted to modern systems and services.

1.2 Subjective Tests in Modern Systems and Services

Modern video services typically rely on HTTP adaptive streaming protocols, which are standardized, for
example, in ISO/IEC 23009 - 1 [2]]. In this method, the client dynamically selects media segments of appro-
priate quality based on current network conditions and device capabilities, enabling uninterrupted playback
despite varying bandwidth. To achieve this, Content and Application Providers (CAPs) like Netflix use
encode optimization [[6] to derive a content-specific encoding (bitrate) ladder. Encoding laddering is a tech-
nique used in video streaming to generate multiple versions of the same content at different resolutions and
bitrates. This allows adaptive bitrate streaming systems to dynamically switch between versions based on
the user’s network conditions and device capabilities, ensuring an optimal balance between video quality
and playback smoothness. The set of these bitrate-resolution pairs is referred to as the encoding ladder and
is typically designed to maximize user satisfaction while minimizing encoding and delivery costs. As there
are many strategies that can be applied to build such a ladder, subjective studies provide insights that are
used in decision-making, e.g. [94].

Moreover, during the development of video codecs, various design decisions must be made regarding
compression tools, trade-offs between bitrate and quality, and optimization strategies. While objective qual-
ity metrics such as PSNR or SSIM are commonly used to guide this process, they may not fully capture
human perception. Therefore, subjective studies, in which users rate the perceived video quality under con-
trolled conditions, play a crucial role in validating and comparing codec performance. Bodies like MPEG
or JPEG use subjective scores as benchmarks in codec development [[193} [87]. Such evaluations are par-
ticularly important when deciding which codec version delivers superior user satisfaction under realistic
viewing conditions, as objective indicators alone may underestimate perceptual gains. For example, in an

8K comparison between VVC and HEVC codecs, researchers demonstrated that while objective metrics
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suggested a bitrate saving of only 26-35% (depending on metric), subjective tests revealed a substantially

higher gain of 41% for the same perceived visual quality [20].

In terms of modeling quality, the direct link to historical research I described above can be found in mod-
ern quality models. Most prominently, ITU-T Recommendation G.107 [|84] formalized the E-model, which
extends the transmission-rating scale into a comprehensive planning framework. The E-model preserves
the basic principle of mapping technical impairments to a scalar rating R, but expands the formulation to
account for a broader set of factors, including simultaneous impairments (/,), delay impairments (/;), equip-
ment impairments (I..), and an advantage factor (A) compensating for contextual benefits such as mobility.

Its general equation is expressed as:

R=Ry—1Is—1Ig— Leer+ A, (1.3)

where Ry represents the basic signal-to-noise ratio of the connection.

Like the Bell Labs models, the E-model outputs a transmission rating that can be transformed into an
estimated MOS and user satisfaction categories (e.g., percentage of calls rated “good or better”’). Thus, while
originating in controlled laboratory tests of loss, noise, and echo, the concept evolved into a standardized

and modular tool for end-to-end quality planning in modern networks.

In the context of video, modern video quality metrics directly use subjective data for development.
Those metrics aim for automated predictions of quality, which helps to make codec development and en-
coding laddering faster, cheaper, and better. Subjective tests were crucial for the development of relevant
quality metrics. Those metrics use not only objective data, such as the peak signal-to-noise ratio (PSNR),
but also model predictions based on subjective studies. They combine knowledge from the human visual
system, signal data, and subjective scores. For example, one of the most recognizable video quality metrics,
VMAF [119]], not only utilizes information about physical changes in the video signal, but also incorporates
scores from subjective tests. It is designed to predict subjective video quality based on a combination of
multiple objective metrics. VMAF integrates various quality factors, such as detail loss, motion, and spatial-
temporal complexities. Finally, VMAF uses data from subjective tests based on the subjective test to model
the predictions. Similarly, the FovVideoVDP metric [125] uses spatiotemporal contrast sensitivity, periph-
eral vision sensitivity, and the physical specifications of the display to predict quality. Subjective data from
human observers was crucial for tuning this model, ensuring that the metric’s predictions align closely with

human perception.

With these metrics, global challenges such as infrastructure scaling and network planning can be ad-
dressed using automated predictions of user satisfaction [161]. By modeling quality based on perceptual
metrics validated through subjective studies, network providers [59] and service platforms [168] can antic-
ipate user experience without the need for constant human evaluation. This enables large-scale deployment
of adaptive strategies such as dynamic optimization [93]], QoE-aware congestion control [197]], or resource
allocation—guided by estimated satisfaction [[133]. As a result, service quality can be optimized in real
time, improving user satisfaction while maintaining cost-efficiency and operational stability in high-traffic

environments.
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Despite the shift from telegraph circuits to adaptive streaming and learned metrics, the core approach
remains the same: collect human judgments, relate them to controllable technical variables, and use these
relations to guide system design. From this perspective, optimizing for human users is not an additional step

but the main objective, since the value of a system is realized only through the quality users perceive.

1.3 Theoretical Perspectives on Quality of Experience

As I argue above, subjective studies are an inseparable part of telecommunication advancement. Yet, until
recently, there was no common consensus on the definition and the scope of this part of telecommunica-
tion. For example, in the US National Telecommunications and Information Administration Report from
1985 [69], it is stated that ,,the end-user’s perception of the entire process of call setup, conversation (which
may be thought of as the information transfer phase), and call disengagement” is the definition of the Quality
of Service. On the other hand, in the 2007 version of ITU-T Recommendation P.10/G.100 [76]], “the overall
acceptability of an application or service, as perceived subjectively by the end-user” was defined as Quality
of Experience, with the notes that it includes the complete end-to-end system effects (client, terminal, net-
work, services infrastructure, etc.) and that overall acceptability may be influenced by user expectations and
context. At that stage, the distinction between QoS and QoE was overlapping and inconsistently applied.
Although methodologies for subjective testing existed, a coherent theoretical framework to connect them

was still missing.

The biggest advance on this problem came with the COST action Qualinet in 2013 [114]. With this
project, subjective tests and their legacy gained a well-recognized name: Quality of Experience (QoE) and
definition. QoE is currently defined as ,,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 respect to the utility and / or enjoy-
ment of the application or service in the light of the user’s personality and current state.” Currently, this
is recognized as a working definition by the International Telecommunication Union — Telecommunication
Standardization Sector [80]. One of the key outcomes of this project was the publication of the ,,Quality of
Experience Advanced Concepts, Applications, and Methods” book [[150], which became a main guideline
for QoE research and a starting point for new phd students.

In this book’s opening, the authors justify the need for QoE research with the fast development of
information and communication technology. This development elevates demand for better and more widely
adopted quality control. As they argue, the term QoE was established as a "counter-balance" to Quality of
Service (QoS), which is only focused on technical parameters of the network. They advocate for optimizing

systems and services for QoE, not for QoS, as this is a better predictor of high acceptance.

To establish QoE as a research domain, authors not only needed the definition but also a clear distinction
from other closely related concepts: User Experience (UX) and QoS. In the 3rd chapter of this book [189]
authors provided the following distinction between QoE and UX. They define UX based on a survey study of
UX experts [113] as ,,dynamic, context-dependent and subjective, stemming from a broad range of potential
benefits users may derive from a product.” This definition highlights the dynamic and subjective character

of the experience. What is more important is that this definition puts the human in the center, and treats
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»product” very broadly, while QoE is always linked to the QoS. This is because QoE has its origin in
telecommunications, while UX is in Human-Computer Interaction.

Furthermore, the distinction between QoE and QoS was provided in chapter 6 [181] of the above-
mentioned book. For QoS definition, authors used ITU-T recommendation E.800 [77]]. According to this
recommendation, QoS is: ,,The totality of characteristics of a telecommunications service that bear on its
ability to satisfy stated and implied needs of the user of the service.” The most important distinction of QoS
from QOE is that QoS is characteristic of the system, while QoE is the emotional reaction of the user to the
system or service.

Building on the above-mentioned definition and distinctions, researchers developed the theoretical foun-
dations of the domain. One of the key concepts in this theoretical advancement was the introduction and
taxonomy of Influential Factors (IFs) of QoE.

In “Qualinet White Paper on Definitions of Quality of Experience,” Influential Factors are defined as “:
Any characteristic of a user, system, service, application, or context whose actual state or setting may have
influence on the Quality of Experience for the user”. This broad spectrum of factors was then systematized

in [53]. Originally, factors were organized as follows:

Table 1.1: Classification of Influence Factors based on [53]]

Category Subcategories

Human IFs | Low-level Processing and Human IFs

Higher-level Processing and Human IFs

System IFs | Content-related System IFs
Media-related System IFs
Network-related System IFs

Device-related System IFs

Context IFs | Physical context
Temporal context
Social context
Economic context
Task context

Technical and information context

As Table|l.1|shows, there is a plethora of factors that can influence QoE. They consist of latent variables
and psychological concepts. Thus, having a guiding theory and a clear taxonomy is essential to measure and
control Influential Factors.

Existing theoretical models of QoE vary considerably in complexity and practical applicability, e.g. [S2,
1514 1311 1541 159, 11631 1531 144 [73]]. Thus, I will describe them shortly to present their diversity.

Brunnstrom et al. [52], building on Jekosch and Raake’s work, present a comprehensive model empha-
sizing Quality Perception. It integrates human and contextual IFs through over 10 conceptual units intercon-

nected by more than 15 directional links, highlighting the intricate interactions between cognitive processes
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and system properties. However, the high abstraction level and complex interrelations pose challenges for

empirical applications and operational definitions.

The model presented in [[151] similarly explores the cognitive mechanisms behind perception. It encom-
passes approximately nine conceptual units and over 12 directed connections, demonstrating the significant
influence of context and internal states on sensory input and anticipatory processes. Despite its descriptive

richness, the model lacks clear guidance for the operationalization necessary in empirical studies.

Similarly, authors in [[131]] propose a model that links QoE to the broader context of content creation and
presentation, featuring around eight conceptual units and more than ten connections. This approach effec-
tively bridges creator intentions with user experiences, but remains limited in providing clear methodologies

for quantifying specific IFs.

In the paper [154] authors advocate for a multi-perspective QoE model, integrating technical, eudai-
monic, and behavioral dimensions. The model, comprising roughly six central units and numerous bidi-
rectional interactions, offers a rich conceptual understanding but struggles to translate abstract factors into

measurable empirical constructs.

Robitza et al. [159] developed one of the most elaborate QoE frameworks, combining quality formation,
perception, affective states, behavior, and memory. Featuring more than 20 conceptual units and over 30
directional links, it extensively employs latent variables. Although theoretically profound, the complexity

and reliance on unobservable constructs significantly limit its applicability in practical research settings.

Schmitt et al.’s model [163]] specifically targets multi-party video conferencing, structuring IFs across
distinct categories such as system, context, user, and behavior. With over 25 identifiable units and detailed
interconnections, it is notably suitable for empirical research. Nevertheless, ambiguity in user-related fac-
tors and unclear causal relationships between contextual and system variables restrict its effectiveness for

dynamic and longitudinal analyses.

The taxonomy proposed by Egger et al. [44] categorizes QoE into Influence Factors, Interaction Per-
formance, and Perceived Quality. With approximately 15 clearly labeled components, this approach offers
simplicity and clarity. Despite its clear structure, its descriptive nature and absence of causal mechanisms

limit predictive and hypothesis-testing capabilities.

Lastly, Husic et al. [73] present a quantitative model operationalizing QoE through measurable system,
human, and context factors linked to perceptual dimensions such as perceived quality and ease of use. While
perceptual aspects remain latent and context somewhat static, this approach provides a statistically grounded,
empirically validated framework that facilitates predictive modeling, especially relevant to video streaming

contexts.

Overall, those theoretical models are very elaborate and highlight the complexity of a multidimensional
perspective on QoE. Nonetheless, researchers in the QoE domain developed multiple research paradigms
and standards that aim for control measurement of QoE. Below, I will provide an overview of standardized
methods, models, and applications in the context of video QoE studies, as the scope of this thesis focuses

on video services.
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1.4 Measuring Video Quality of Experience

In this section, I will provide a general overview of methods that are standardized and used not only in
academia but also in many Content and Application Providers and Communication Services Provider com-
panies. It is worth mentioning that those methods are constantly developing and being evaluated. One of
the key bodies that carries this work is the Video Quality Expert Group [183]], which joins the effort of
companies and universities to provide new recommendations and domain growth. In this overview, I will
focus on methods that are not only established but also subject to ongoing refinement and adaptation. While
several of them are noteworthy for the innovations they introduced, I will also indicate which have become

the dominant sources of subjective data for QoE model development.

1.4.1 Subjective Assessment Methods for Video Quality in Recognition Tasks

Current QoE methods not only study the relative quality but also its utility, dependent on quality. This idea
can already be traced back to early telegraph experiments, where Herman [68]] evaluated transmission quality
not only through subjective judgments of operators but also through their task performance, measured as the
accuracy of message reception. In modern terms, ITU-T Recommendation P.912 [[1]] summarizes methods

that allow for measurement at which quality level the task is no longer possible to conduct. These include:

1. Multiple choice method — after viewing a video sequence, the subject selects the recognized target
from a predefined list of possible answers. This method reduces ambiguity and is suitable for human,

object, and alphanumeric recognition tasks.

2. Single answer method — the subject provides a direct response without a list of options, for example,
by typing the alphanumeric characters seen in the video or answering Yes/No to the presence of an

object. Responses are then evaluated as correct or incorrect.

3. Timed task method — the subject indicates the moment they recognize the target (e.g., by pressing
a button). This allows the experimenter to measure both the accuracy of recognition and the time

required to make the decision, reflecting real-world constraints.

4. Real-time vs. viewer-controlled viewing — depending on the application, recognition may be as-
sessed in real-time (without pausing or replaying, as in surveillance scenarios) or in viewer-controlled

conditions (allowing pausing and replaying, as in analytical tasks).

These recognition-oriented methods are especially useful in application domains where the utility of
video is measured by successful task completion rather than aesthetic impression. Typical scenarios include
video surveillance (e.g., license plate or object recognition), telemedicine and remote diagnostics (sup-
porting accurate medical decisions), fire safety (early detection of flames or smoke), and driver assistance
systems such as backup cameras (ensuring correct maneuvering). In such contexts, the strength of P.912
methods lies in directly linking video quality to operational effectiveness, even though their applicability is

often limited to the specific datasets and conditions under which the tests are conducted [115].
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While recognition-based methods are important for task-specific applications, the majority of video
quality studies focus on quality in general, not on its utility. Datasets mostly rely on descriptive rating or just
noticeable difference paradigms. As summarized in Zheng et al.’s comprehensive survey on video quality
assessment [200], subjective studies most commonly use a discrete ACR scale or continuous scales to collect
Mean Opinion Scores. In the following sections, I will describe methods for stimulus comparison and scales

used in QoE research, which remain the dominant source of subjective datasets.

1.4.2 Stimuli Comparisons

Paired comparison

The method of paired comparisons introduced in [23]] provides a statistical framework for analyzing pref-
erences when items are judged two at a time. Each comparison is modeled as a probabilistic choice, where
the likelihood of one item being preferred over another depends on underlying latent "treatment ratings"
assigned to each item. Using a maximum-likelihood approach, these latent ratings can be estimated from
observed outcomes across all pairs, allowing items to be placed on a common interval scale. The model also
supports hypothesis testing (e.g., equality of treatments) and can handle incomplete block designs, making

it a powerful tool for subjective evaluations where absolute scales are difficult to define.

One of the examples of the paired comparison method to Quality of Experience (QoE) was presented by
Chen et al. [30]], who use a framework for multimedia content evaluation based on the Bradley—Terry—Luce
model. This approach replaces absolute rating scales with relative judgments between pairs of stimuli,
thereby reducing scale bias and cultural differences in interpretation. By collecting binary preferences and
transforming them into interval-scale estimates, the authors demonstrated that paired comparison can pro-
vide more robust and comparable measures of subjective quality, particularly in large-scale or crowdsourced
QoE studies.

Pair comparison is part of the ITU-T P.910 standard [Sl]. This standard recognizes pair comparison as a
variant of the comparison category rating (CCR) or double stimulus comparison scale (DSCS) method. In
the CCR/DSCS method, stimuli are presented in pairs, with two versions of the same sequence shown in
randomized order. Observers are then asked to rate the second stimulus relative to the first using a seven-
point comparison scale, ranging from “much worse” (-3) through “the same” (0) to “much better” (+3).
Because the presentation order is randomized, this method avoids the systematic bias present in degradation
category rating (DCR), where the reference always comes first. CCR/DSCS is particularly useful when
comparing two impairments of nearly equal quality, providing sensitivity in cases where absolute category

ratings may be less discriminative.

In ITU-T P910, outcomes from CCR/DSCS and other double-stimulus methods are typically reported
as Differential Mean Opinion Scores (DMOS). DMOS captures the perceived change in quality between a
reference and a processed sequence, whereas MOS reflects an absolute quality level. By focusing on degra-
dation relative to a reference, DMOS is particularly suitable for pairwise and double-stimulus methodolo-

gies where relative judgments are central. The Recommendation defines DMOS through differential viewer
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scores (DV) calculated per subject as:
DV (PVS) = V(PVS) — V(REF) + 5, (1.4)

where V (PVS) is the viewer’s score for the processed video sequence and V' (REF) the score for the hidden
reference. The constant +5 ensures that DV values remain aligned with the original 1-5 ACR quality scale.

DMOS is then obtained as the average across all N subjects:

N
DMOS(PVS) = % > DVi(PVS). (1.5)

=1

Just noticeable difference

Building on the idea of relative judgments in subjective quality assessment, another influential method is
the just noticeable difference (JND) paradigm. JND is a psychophysical unit that describes the smallest
change in quality that people can reliably detect. One of the first proposals to apply JND to video quality
came from Watson, in the context of IEEE and VQEG discussions on how to establish an absolute scale for
video assessment [188]]. Instead of asking viewers to rate videos, he suggested pairwise comparisons where
observers simply chose which sequence looked more impaired. Using Thurstone’s comparative judgment
framework and adaptive methods, these binary decisions were converted into a perceptual scale expressed
in JND units. The approach also introduced “blends,” where original and distorted videos were mixed to
precisely control impairment strength. Pilot experiments showed that JND values aligned with categorical
scores but provided a more consistent, context-independent measure of quality.

In recent years, JND has become an important direction in QoE research, moving beyond its original role
as a psychophysical threshold. New studies use JND information to train machine learning models that can
predict perceived quality on a continuous scale. For example, in [[11]], authors showed that combining first-
JND measurements with deep learning and models of the human visual system allows quality predictions
that generalize well across different types and levels of distortion. This illustrates how JND has developed

from a basic detection concept into a key component of modern QoE modeling.

1.4.3 Scales for Quality Assessment

One of the dominant tools in QoE assessment is the Absolute Category Rating (ACR) scale. As I showed at
the beginning of this chapter, this method was already a common practice in telecommunication studies in
the 1950s [[75]. The ACR scale is favored in QoE studies for its simplicity and effectiveness in assessing user
perceptions of media quality. It offers participants a straightforward method to rate their experience, typically
on a scale of 1 to 5, with higher scores indicating better quality. The numbers have the following labels: bad,
poor, fair, good, and excellent. This approach reduces complexity and concentrates on the perceptual aspect
of quality evaluation. In effect, ACR tests generate reliable and repeatable results [147]].

Continuous versions of the scales, such as SSCQE and SAMVIQ were proposed in ITU-T recommen-
dations P.913[3] and BT-500 [27]]. These methods are designed for evaluating video across a wide range of
resolutions, from low to high-definition television. Unlike discrete-scale methods, those scales use a con-

tinuous quality scale from 0 to 100, annotated with five descriptors (Excellent, Good, Fair, Poor, Bad). Test
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subjects view and freely navigate among multiple versions of the same video sequence, including a hidden
reference, and assign quality ratings to each.

Although continuous scales propose finer discrimination between quality levels, it is criticized for in-
troducing unnecessary cognitive load on raters [[146]]. The use of a 0—100 continuous scale often leads par-
ticipants to cluster their responses around prototypical values such as multiples of five, which undermines
the intended granularity of the method. Moreover, such wide scales may increase uncertainty and promote
careless decisions. Thus, simpler scales like the five-level ACR are equally effective for capturing QoE.

There is also an ongoing effort to propose a QoE scale that will capture not only the perceived level of
impairments of video, but also users’ response to this impairment. A good example of this work are studies
using scales for acceptance and annoyance (e.g., [98.170,/90]). While traditionally these scales were applied
separately, there are advantages in combining them within a single AccAnn framework [[116]. In this work,
researchers introduced a three-level, single-step methodology that simultaneously measures acceptability
and annoyance, reducing cognitive load and testing time while maintaining equivalence with the classical
two-step approach.

Nonetheless, while these methods represent an important step forward for the QoE domain, the ACR

scale and JND remain the dominant methods for quality metrics development.

1.5 Maetrics predicting quality using subjective quality rating

As I described at the end of the first section of this introduction, the goal of quality studies is to derive a
model that will serve as a predictive metric for quality. Objective approaches to video quality assessment are
generally divided into three categories: full-reference, reduced-reference, and no-reference methods [172].

Full-reference methods rely on direct comparison between an original and a distorted signal, assuming
complete access to the source. Reduced-reference methods use only partial information from the original,
aiming to balance accuracy with lower overhead. No-reference methods operate without any access to the
source, relying instead on statistical or perceptual models to estimate quality from the distorted video alone.

In the context of video quality studies, two objective signal-based methods were the cornerstone for the
development of full-reference metrics. These are the Peak Signal-to-Noise Ratio (PSNR) and the Structural
Similarity Index Measure (SSIM).

PSNR is derived from the mean squared error between a reference and a distorted image, and has long
been used because of its simplicity and strong mathematical grounding. However, it often fails to capture
perceptual aspects of quality, since different types of distortions can lead to the same PSNR value. By
contrast, SSIM was designed to align more closely with the human visual system by decomposing image
similarity into luminance, contrast, and structural components.

Research comparing both measures [71] shows that PSNR and SSIM are mathematically related and
often produce consistent trends across degradations. Still, their sensitivity differs: PSNR performs better in
detecting additive Gaussian noise, while SSIM is more effective in capturing structural degradations.

These and similar metrics are used in combination with scores from subjective tests to build models that
predict real users’ perception of quality. One of the most recognizable examples of such a metric is Video

Multi-Method Assessment Fusion (VMAF). VMAF was developed by Netflix as a full-reference perceptual
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metric designed to better approximate human judgments of quality than traditional signal-based measures.
Its construction followed a fusion-based approach: instead of relying on a single indicator such as PSNR or
SSIM, VMAF integrates multiple quality-related features and learns how to weight them against subjective
opinion scores. Specifically, it combines measures such as anti-noise signal-to-noise ratio (AN-SNR), detail
loss measure (DLM), visual information fidelity (VIF), and a temporal feature based on mean co-located
pixel differences (MCPD), capturing both spatial fidelity and motion-related distortions. These features are
then fused through a supervised machine learning model trained on large-scale datasets of subjective scores.
The output is a continuous score ranging from 0 to 100, calibrated to the Absolute Category Rating (ACR)
scale, where lower values reflect “bad” or “poor” quality and higher values align with “good” or “excel-
lent.” In this way, VMAF was explicitly built to bridge the gap between objective metrics and perceptual
reality, enabling scalable, automated assessment while preserving strong correlation with human opinion
scores [[120, 1152, [121]].

A similar principle underlies the FovVideoVDP metric [125]], which is also trained and validated against
subjective tests. The way it connects objective modeling with subjective data, however, differs from VMAF.
VMAF combines several hand-crafted metrics and learns their weights from large-scale ACR opinion scores.
FovVideoVDP, in contrast, is built on perceptual models of the human visual system, including spatio-
temporal contrast sensitivity, cortical magnification, and masking. It is calibrated with pairwise comparison
experiments, which produce a perceptual scale expressed in Just-Objectionable-Difference (JOD) units, a
variation of the JND concept anchored to the reference video. In short, both metrics rely on subjective data,
but VMAF is grounded in signal-based features linked to ACR scores, while FovVideoVDP is derived from
vision science models tuned to JND-based judgments.

From evaluation studies, for example [124]], we know that modern metrics such as VMAF and
FovVideoVDP can achieve correlations of up to 0.87 with subjective quality scores provided by partici-
pants. This close fit is possible because these metrics are trained or calibrated with data from subjective
experiments, allowing them to link objective measurements to perceived quality. However, this data fit is
non-linear. This approach makes these metrics especially dependent on the scope and biases of the data
collected in the experiments. This is one of the reasons why Influential Factors of QoE are an inseparable
problem from quality studies. Below, I will describe which IFs are taken into account in QoE applications,

and later show what is missing.

1.6 Factors Considered in Applied QoE Models and Metrics

Dominant factors considered in applied QoE applications are Quality of Service (QoS) and its measurable
Key Performance Indicators (KPIs). According to ITU-T E.804 [78], QoS refers to the end-to-end char-
acteristics of a service that determine its ability to satisfy user needs, and it is typically operationalized
through standardized KPIs such as delay, packet loss, or call setup success. These KPIs provide objective
and reproducible measurements of service performance, forming the baseline for technical benchmarking.
Based on these baseline measurements, Key Quality Indicators (KQIs) can be inferred as user-oriented
metrics derived from KPIs. According to ITU-T E.840 [81], KQIs represent aggregated, service-specific

indicators that capture how well a network delivers quality from the end-user’s perspective. They are ob-
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tained by applying standardized quality-estimation models, such as ITU-T P.863 [I82]] for speech or ITU-T
P.1203 [[79] for video streaming, to underlying KPI data. In this way, technical measures like throughput,
delay, or packet loss are translated into perceptual scales, often expressed in Mean Opinion Score (MOS)
units. The Recommendation E.840 [81]] emphasizes that KQIs should account for core service dimensions,
including accessibility (whether a service can be reached), retainability (whether it remains active), integrity

(the quality during service use), and availability (the likelihood that the service is offered).

In summary, the general approach followed in applied QoE modeling is to begin with QoS as measured
through standardized KPIs, which provide objective and reproducible evidence of network performance.
These technical measurements are then complemented with contextual service factors such as accessibility,
retainability, integrity, and availability, which together capture whether a service can be reached, maintained,
and experienced at an acceptable quality level. Based on ITU-T E.840 [81]], these combined indicators are
subsequently processed using standardized quality-estimation models in order to translate technical perfor-
mance into perceptual outcomes. In this way, KPI-based measurements are mapped onto subjective quality
scales such as MOS, enabling a systematic link between network operation and user-perceived quality. As
a result, most applied QoE models remain limited to QoS-based KPIs combined with a narrow set of con-
textual service factors and mapped to subjective data that is collected in ways designed to minimize the

influence of additional variables.

1.7 The Gap Between Theory and Practice in QoE Research

Having discussed QoE theory and QoE practice separately, it is now necessary to consider how they relate
to each other. On the one hand, the literature offers rich theoretical models, including taxonomies of QoE
Influential Factors (IFs). On the other hand, standardized test protocols (for example, [83]]) aim for factor
reduction to ensure comparability. Moreover, while QoE definitions describe it as a level of delight or an-
noyance, QoE metrics typically aim to predict impairment perception using either psychophysical data, such
as JND, or descriptive scales such as ACR. Moreover, practical network application of models focuses on
utilizing QoS in context to predict perceived distortion. This gap between theory and practice is a known

problem in the domain and has been discussed previously e.g., in [S7].

As noted by Peroni and Gorinsky [[146], many pitfalls in QoE research grow from simplifying this
inherent complexity. While QoE theory acknowledges a wide range of influential factors, practical work
often narrows them to a limited subset, which risks the validity of resulting models and reinforces the divide
between conceptual frameworks and applied methodologies. In response, researchers continue to develop
methods for broader IF assessment. However, in the context of video studies, these methods are not yet as
standardized or as widely adopted as the paradigms mentioned above, and they are almost never included
in QoE metrics or models. Nonetheless, the measurement of IFs remains a crucial frontier in QoE research,
aiming to close the gap between theory and practice. Below, I present a brief overview of exploration studies

on IFs and experiments on the most relevant IFs to this dissertation.
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1.8 Measuring Influential Factors

In exploratory studies, the main goal is to find the most important variables or patterns and, if possible,
to identify the latent structure of the phenomenon. Models comprising the most important variables are
outcomes of this method. This type of research is often used as a source of hypotheses for the following
experimental designs. Below, I present a short overview of the exploration method used in QoE research.

Over time, numerous statistical techniques have been developed to extract insights from data. Ap-
proaches such as principal component analysis (PCA) [63}1132}[15] and factor analysis (FA) (e.g. [141}[179])
are commonly applied to uncover latent structures within datasets. In addition, methods like analysis of vari-
ance, covariance, and correlation are frequently employed to explore data patterns. More recently, machine
learning and network analysis have gained popularity as tools for examining complex, nonlinear relation-
ships [196]. All these techniques are well suited for handling datasets with multiple variables and factors.
However, incorporating every possible IF into a single experimental design remains unfeasible. To cap-
ture such diversity, questionnaires are often introduced ([[15} 163} 132} 41]]). An overview of statistical factor
analysis applied in QoE studies is presented in Table[I.§].

Besides statistical solutions, typical for an exploratory study, this approach can also be used with quali-
tative research. Analysis of interviews and open questions in questionnaires are a rich source of information
that must be condensed and structured by researchers [50]. Similarly, bibliometric studies provide valuable
insights into a vast amount of previous results and conclusions [199, [182, 123} [167, 12| [88]. Moreover,
mixed methods, such as open profiling of quality (OPQ) [[174], can provide quantitative results based on
qualitative data. In other cases, mixed-method approaches have been used to deepen the understanding of
quantitative data by means of a qualitative follow-up (see, e.g. [39,140]). All the abovementioned methods
share a similar goal. Their aim is to understand the collected data better. This type of insight is especially
useful in the study of complex phenomena such as QoE IFs.

A good example of such exploratory research is a study by Barakovi¢ Husi¢ and Barakovi¢ on multidi-
mensional modelling of QoE for video streaming [[15]. They conducted an experiment with 233 participants
who evaluated 90 manipulated video sequences in which system factors such as resolution, coding tree unit,
and constant rate factor were varied, contextual conditions such as location and lighting were recorded,
and human characteristics such as gender, prior experience, and education were considered. The evaluation
relied on a structured questionnaire with quality ratings, overall QoE, and perceived ease of use. Regres-
sion analysis revealed that perceived quality and perceived ease of use together explained about 68% of
the variance in QoE, with perceived quality being by far the stronger predictor(8 ~ 0.93 vs. 8 ~ 0.09).
ANOVA tests indicated that system, context, and human factors all had statistically significant effects on
the perceptual dimensions, although the analyses focused on significance rather than the relative strength of
these effects. This suggests that QoE in video streaming is shaped not only by technical parameters but may
also be influenced by contextual conditions and user characteristics.

While it is important to include a broad range of factors in exploratory stages of QoE research, later
modeling efforts often benefit from reducing the number of variables to those that most strongly predict
user perception. An example is the study by Ben Youssef et al. [[196], who combined Principal Component

Analysis (PCA) with the Analytic Hierarchy Process (AHP) to identify the most influential application-

K. Koniuch  Factors Influencing QoE by Users of Video Service



1. Introduction and Theoretical Background

15

Table 1.2: Summary of QoE studies applying factor and component-based analysis

Authors / Year Method(s) Used Collected Data Number of Sub-
jects
(Ozer, Argan, & Argan, | PCA Questionnaire 1000 participants
2013) [141]] Confirmatory Factor
Analysis (CFA)
(Barakovi¢  Husi¢ & | PCA Questionnaire, 233 participants
Barakovi¢, 2022) [15]] Multiple Linear Regres- | ACR scale
sion (MLR)
(Ende, 2015) [179] Exploratory Factor Anal- | Questionnaire, Exploration: 107
ysis ACR scale participants
CFA Confirmation: 100
T-test participants
Correlation analysis
(Msakni &  Youssef, | PCA and correlation anal- | Emotional Scale, ACR | 72 participants
2016) [132] ysis scale
(Youssef, Mellouk, Afif, | PCA ACR scale 45 participants
& Tabbane, 2016) [196] Machine learning
(De Pessemier, Martens, | MLR Experience Sampling | 29 participants
& Joseph, 2013) [41] Diary
Questionnaire
(Ketyké, De  Moor, | PCA and correlation anal- | Questionnaire, Ex- | 19 participants
Joseph, Martens, & De | ysis perience Sampling
Marez, 2010) [63]] Method

layer factors for video quality assessment. From an initial set of eleven parameters, they found that frame
rate, video size, audio rate, resolution, and mean bitrate were the best predictors of user-rated quality. Using
these five factors in a Random Forest model yielded higher accuracy than models including all parameters,

highlighting the value of statistical selection in building efficient and accurate QoE models.

Besides exploratory studies, there are QoE studies oriented on the direct assessment of a group of IFs in
an experimental manner. A good example came in early studies on video on mobile devices [89], researchers
evaluated the modulating effect of interest on content and its familiarity. In an audiovisual context, a sig-
nificant interaction effect between interest and recognition was found (F'(9,2390) = 19.80,p < 0.001):
unfamiliar but interesting content received higher quality ratings, while familiar and uninteresting content
was rated lower. Similarly, in [[105]], the researchers found an influence on the desirability of the content. The
desirability of the content alone explained up to 28% of the variance in quality ratings. However, in a more
recent study [190], the effect of content interest was not found to be significant. This might be due to the

different quality manipulation approaches used. The original studies measured the bit rate, and the author
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of [190]] manipulated the video stalling. This difference may also be explained by some human factors, such

as the experiences, gender, or cultural and personality differences of the participants.

For example, study [[136] found that gender and viewing frequency influence perceived video quality,
with women and non-daily viewers giving up to 0.3 higher MOS ratings than men and daily viewers. Al-
though this effect was observed at packet loss levels below 1-3%, beyond which the differences diminished.
In [[164], researchers measured personality traits and cultural aspects among the participants. Those human
factors explained about 9.3% of the variance in quality ratings. Specifically, conscientiousness negatively
predicted both perceived quality and enjoyment, while neuroticism positively influenced perceived quality,
and openness increased enjoyment. Regarding cultural traits, individualism and pragmatism negatively af-
fected perceived quality, while power distance and uncertainty avoidance negatively influenced enjoyment.
Notably, in this experiment, participants were answering questions about satisfaction and enjoyment, not

about quality measured with the ACR scale.

In a study in which only the quality rating was measured [[137], human factors had a much smaller
impact. Specifically, content delight and user mood showed only slight, statistically insignificant effects,
while the frequency of watching online videos had practically no influence on quality ratings. This indicates
that users can reliably evaluate video quality independently of personal preferences and emotional states

when standardized procedures are followed.

Similarly, in [132], the emotional state that participants had before the study had no influence on the
rating of the quality rating scale. However, quality influenced the emotional state of the participants after

the test.

Based on those results, it is hard to draw an unambiguous conclusion. The general trend suggests that
content-related effects were stronger in early studies, but under standardized testing conditions, their in-
fluence diminishes, leaving only minor contributions from individual factors such as gender, culture, or
personality. One of the drawbacks of those studies is that they mix exploration of IFs with their confir-
mation. Moreover, the above-mentioned studies’ exploratory part is conducted in a laboratory setting, and
it is not followed by experimental evaluation. To address this, exploration should ideally be conducted in
natural contexts, with subsequent confirmation carried out under controlled laboratory conditions. A purely
explorative methodology would first allow the broad identification of candidate factors, which could then
be measured and validated with standardized QoE procedures. To find a proper tool for exploration in a
natural context, I also considered methods outside of the QoE domain. In effect, I found the memory-recall

approach emerged as a potentially useful tool for IF exploration in QoE research.

1.8.1 Memory Recall Procedures and Their Application in Technology Studies

One of the ways to overcome the limitations mentioned above, where typical QoE tests measure participants
in experimental conditions that are very different from normal video usage contexts, was proposed in [[105].
Researchers sent DVDs with videos which quality had been manipulated, along with measurements for
participants. Participants, during their experience with DVD in their homes, had to rate the quality. Similarly,

De Pessemier et al. [41] applied a living lab approach, asking participants to watch videos on smartphones
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in their everyday environments and rate loading speed and distortions through short questionnaires, while

objective measures such as packet loss and startup delay were logged.

Those approaches can be described as the Experience Sampling Method (ESM). ESM is widely used in
social sciences for gathering real-time data on behaviors, thoughts, and feelings [[19]. In ESM, participants
are prompted at random intervals to report their immediate experiences, thus capturing data in naturalistic
settings and illuminating the dynamics of daily life. A clear application of this method to QoE was done by
my colleague Natalia Cieplifiska, who described it in her doctoral thesis [32]. She ran a longitudinal living
lab study with a simple mobile app called DailyVideo. Participants watched short, preplanned clips with
controlled compression at home. After each clip, they either wrote a brief free report about any problems or

gave an ACR score, and at the end of each week, they provided one retrospective ACR for the whole week.

Although effective, ESM is intrusive and may alter participant behavior by disrupting natural routines.

It also demands substantial participant commitment, potentially affecting compliance and data reliability.

To mitigate these limitations, the Day Reconstruction Method (DRM) was proposed by Kahneman et
al. [51] for quality of life studies. Instead of multiple daily interruptions, DRM involves a single retrospec-
tive assessment where participants reconstruct their experiences from memory, answering questions about
the contexts and associated emotions. The method combines features of time-budget techniques with the
experience sampling method (ESM), aiming to capture the affective quality of everyday episodes while
minimizing participant burden. Participants are first asked to divide the previous day into a sequence of
episodes, like scenes in a film, and then describe each in terms of activities, social context, and emotional
states using structured affect scales. This procedure has been shown to yield results that closely correspond
with real-time experience sampling, while allowing for a more comprehensive coverage of the full day and
rare or brief events. DRM is thus particularly useful in large-scale studies where intrusiveness, cost, and

participant fatigue are a concern.

An example of DRM applied in technological research can be found in the work of Karapanos et al. [92],
who conducted a five-week ethnographic study of six individuals purchasing the Apple iPhone. DRM was
used to collect daily reflections on user experience, capturing both positive and negative episodes and assess-
ing perceived qualities of the product in context. This method enabled the researchers to trace how user ex-
perience evolved through distinct phases. Orientation, incorporation, and identification—highlighting shifts
in emotional attachment, functionality, and personal meaning over time. The study illustrates how DRM can
reveal temporal dynamics in product adoption and help designers understand long-term user engagement

beyond initial impressions.

In the context of Quality of Experience (QoE), the study by Wac et al. [185] represents a notable ex-
ample of integrating the Day Reconstruction Method (DRM) to better understand user experience in natural
environments. The research investigated Android users’ QoE with mobile applications by combining objec-
tive data collection (QoS, sensors, logs) with subjective feedback gathered through Experience Sampling
Method (ESM) and DRM-based weekly interviews.

The DRM was employed to support retrospective interviews, allowing participants to reconstruct their
day as a sequence of episodes involving app usage, context, and experience. This approach enabled the

researchers to combine information about context, system performance, and user perception, grounded in
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the real-life routines and choices of mobile users. Through this mixed-method design, the study not only
highlighted contextual and behavioral determinants but also showcased how DRM can bridge qualitative
insights with system-level data, offering concrete design implications for mobile services.

Both of the above-mentioned applications demonstrate the usefulness of the DRM approach in
technology-oriented user studies, yet they diverge from the original method proposed by Kahneman [51]],
which was designed as a one-day reconstruction of episodic experiences to approximate real-time sampling
while minimizing recall bias. Karapanos [92] extended this approach into a longitudinal study, asking par-
ticipants to reconstruct their daily experiences over five weeks in order to capture the temporal evolution of
user experience. By contrast, Wac [185]] adapted DRM into weekly retrospective interviews, combining 24-
hour reconstructions with Experience Sampling and system log data as a qualitative complement to in-situ
measurements. In this work, I return to an application of DRM closer to its original intent: a single-session
reconstruction of a past experience aimed at collecting quantitative data while limiting biases that may arise

from sustained attention to video quality.

1.9 Motivation, Goals, and Hypothesis

This section outlines the objectives and hypotheses that guided this thesis. The aim is to clearly present
the reasoning and research logic that shaped the entire PhD project. Before I describe the hypothesis and

objectives, I first describe the general research problem that motivated this thesis in particular.

1.9.1 Motivation

This work was possible thanks to funding from the Norwegian Financial Mechanism 2014-2021 under
project 2019/34/H/ST6/00599. The project was titled ‘“Towards Better Understanding of Factors Influencing
the QoE by More Ecologically-Valid Evaluation Standards,” acronym TUFIQoE. To understand the goal of
this project, a clear definition of ecological validity is needed. In the American Psychological Association
dictionary [180, [13]], ecological validity is defined as ,,the degree to which results obtained from research
or experimentation are representative of conditions in the wider world. For example, psychological research
carried out exclusively among university students might have a low ecological validity when applied to the
population as a whole. Ecological validity may be threatened by experimenter bias, oversimplification of a
real-world situation, or naive sampling strategies that produce an unrepresentative selection of participants.”
During the project, we found with colleagues that the term ecological validity is interpreted differently across
the field and often generates confusion. In effect, at the end of the project, a summary of the problems with
the usage of the ecological validity term was proposed in paper [[148]]. Below, I present a justification for
this change.

For the first time, the adjective ,,ecological” was used to describe the experiment by Egon Brunswik in
1944 [26]. In this work, the term was used to describe ,.intra-environmental physical relationships” that is,
statistical interrelations among variables within the environment itself, independent of the organism’s re-
sponses. So the original term was very specific and distinct from the broad definitions of ecological validity,

such as one described by APA. In [70]], the authors trace the history of the term ecological validity back to
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Brunswik’s work and argue that, although widely adopted, the term has been used inconsistently and without
a coherent definition by researchers. Beechey [[17] summarizes this problem with the following words: ,,The
use of the term ecological validity within hearing science appears to conflate realism, which is a means to
potentially improve generalizability, and validity, which is a method of quantifying generalization.” Authors
of [148]] describe that in effect, researchers use the term ecological validity as a measure of realism and
assume that an increase in realism will automatically improve validity, which has not been proven. As the
term ecological validity serves multiple purposes in the domain, the authors provide 5 definitions that should

be used for a better description of the research problem.

e Internal validity: The degree to which a study or experiment is free from flaws in its internal structure,

and its results can therefore be taken to represent the true nature of the phenomenon [13]].

» External validity: The extent to which results obtained in one context can be generalized to another

context [117]).

* Mundane realism: Qualitative similarity between experimental conditions and everyday conditions

experienced by the subject [[17].

* Psychological realism: The extent to which psychological states or processes elicited by an experi-

mental task are similar to those that occur during comparable tasks outside the laboratory [[17].

» Ecological validity def. #2 from [13]]: In perception, the degree to which a proximal stimulus (i.e., the
stimulus as it impinges on the receptor) covaries with the distal stimulus (i.e., the actual stimulus in

the physical environment).

These definitions may be adopted for a clearer description of the research problem in the TUFIQoE
project and, consequently, in this thesis. According to the project proposal, the goal was to better understand
the process of interacting with a video service. This was to be achieved by identifying factors influencing
QoE through subjective testing methods with varying “degrees of ecological validity.” However, in the pro-
posal, the term ecological validity was used ambiguously, referring both to the technical properties of the
experiments and to the overall project objective. This ambiguity can be resolved by replacing it with more
precise terms: mundane realism and external validity. Thus, the actual goals of the project can be formulated

as:

1. Increasing mundane realism by providing research protocols that resemble everyday usage experi-

€nces.

2. Investigate the external validity of QoE measures and metrics by verifying their generalizability to

real-world service usage.

In this framework, the identification of Influential Factors on QoE can be understood as part of achieving
both goals: factors should be studied under conditions of diverse mundane realism and assessed for their

external validity.
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1.9.2 Research Objectives and Hypotheses

As T argue in the above, QoE Influential Facts (IFs) are very broadly defined and describe various phenomena
that might alter video users’ experience. So the goal of this thesis is to explore this multifactor problem with
a high mundane realism method and then verify the external validity of the outcomes. In this thesis, I use a
memory recall procedure to gain data from everyday user experiences. There are a few arguments for that
approach. Firstly, during everyday experience, users are not biased to focus only on quality. Moreover, if
technical problems occurred, they are natural and not induced by experimenters. Finally, the context is as
natural as possible. Thus, one can argue that such data has high mundane realism. There is also a more
pragmatic argument for using the memory recall procedure for QoE studies. Such research is less expensive
and easier to apply on a massive scale than laboratory studies.

Nevertheless, there are limitations to this method. Firstly, using this procedure will be less accurate than
laboratory studies. Moreover, the number of data points from one person is limited. The lack of knowledge
about exact technical conditions is yet another limitation. Thus, memory recall methods have some potential
strengths but also serious limitations. As a consequence, it should be used for a well-defined purpose and in
a clearly described research pipeline. For this reason, I use a memory recall-based questionnaire as a first
step in the research. The above-mentioned strength of this method makes it a good fit for a tool to explore
the IFs of QoE. By using statistical methods, those factors can be reduced and taxonomized. The most
important factors can be used to build a model that consists only of the most important variables. Finally,
this model can be applied in laboratory studies, providing a means to confirm or falsify the influence of the
most important factors. This step ensures verification of the external validity of the exploration results. This
pipeline is represented in Figure [I.T]

This dissertation consists of all those steps described in Figure[I.1] In Chapter[2] I present an exploratory
part using a memory recall procedure. Then, in Chapter[3] I present a path model based on conclusions from
Chapter 2] Consequently, Chapters [] and [5]test the Influential Factors from Chapter [2using the model from
Chapter 3] Finally, conclusions and recommendations are described in Chapter [6]

To ensure clarity, a list of the research objectives and hypotheses used throughout the dissertation is

presented below.

Hypotheses

* Hypothesis One: The influential Factors can be measured and taxonomized by a memory recall-based

questionnaire.

* Hypothesis Two: Main Influential Factors can be combined in a simple model explaining their rela-

tionship.

* Hypothesis Three The propose model can help in planning comparable experiments targeting Influ-

ential Factors one by one.
« Hypothesis Four: Content has a strong influence on QoE ratings ~.

« Hypothesis Five: Social presence has influence on QoE ratings”.
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Figure 1.1: Modeling approaches. Figure sizes represent the number of variables in the model and arrows.
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Objectives

* Objective One: Identify the most important Influential Factors for QoE using memory recall proce-

dure.
* Objective Two: Design a parsimonious QoE model based on a minimal number of assumptions.

* Objective Three: Design a series of original studies based on one theoretical model for evaluation of

Influential Factors.

* Objective Four: Provide recommendations for future QoE studies.

* Hypotheses Four and Five were formulated after memory recall studies as the outcome of the factor

exploration process.

K. Koniuch  Factors Influencing QoE by Users of Video Service



Chapter 2

Study 1: Exploration of Influential Factors
Through a Memory Recall-Based

Questionnaire

Parts of the material presented in this chapter are currently being prepared for submission as a research
article, and therefore, I would like to acknowledge the contributions of all co-authors. The authors con-
tributing to this part are Kamil Koniuch, Lucjan Janowski, Michat Wierzchon, and Katrien De Moor. All
authors agreed for their work to be included in the dissertation. Author’s contributions were as follows:
KK: conceptualization, methodology, investigation, formal analysis, writing — original draft, review, and
editing; LJ: funding acquisition, formal analysis, supervision, writing — review; MW: consulting design and
results, writing — review and editing, supervision, KDM: consulting design and results, writing — review and
editing, supervision. This research was supported by the Norwegian Financial Mechanism 2014—2021 under
project 2019/34/H/ST6/00599. The project was titled ,, Towards Better Understanding of Factors Influencing
the QoE by More Ecologically-Valid Evaluation Standards”, acronym TUFIQoE.

In this chapter, I address thef[first objective|of my PhD research. To identify the most important Influential
Factors (IFs) affecting Quality of Experience (QoE). For that purpose, I developed a memory recall-based
questionnaire, which will be evaluated in this chapter. As outlined in this thesis introduction, to bridge the
gap between QoE theoretical and practical models, there is a need for studies that provide an IFs taxonomy.
With such gradation, models that balance the number of factors and predicting power could be established.
For exploratory, part I choose to use the memory reconstruction procedure, to ensure the mundane realism
of the measurement. In effect, I formulated which postulates that IFs can be measured and

taxonomized using a memory recall-based questionnaire. This hypothesis is tested in this chapter.
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2.1 Introduction

In classical video Quality of Experience (QoE) studies, the influence of such factors is reduced through
strictly controlled experimental protocols (e.g., [27]). These protocols effectively reduce the dimensional-
ity by limiting the factors and variables under investigation. While this approach provides reliable results,
typically with high internal validity, it overlooks the potential role of other IFs, which are not considered
in the experimental design. This is because it is impossible to incorporate such a broad set of variables in
one experimental setup due to their high complexity. However, it also implies that the relative importance of
different types of influence factors in the context of QoE is, to date, still poorly understood.

Yet, to facilitate QoE optimization, e.g., across different contexts and user segments, key IFs have to be
identified. This exploration and identification of the most important IFs is the first step to understanding the
mechanisms of their influence. For this reason, self-report questionnaires are often used as post-experimental
supplements to the setup (see e.g. [47]]). This method has proven to be useful e.g. for novel, immersive
multimedia [48]].

However, such questionnaires are often inseparable from laboratory experiments. They are used to pro-
vide additional information before or after the subjective test. The limitation of this combined approach is
that it requires a lot of resources and fails to represent and capture the everyday life technology experiences
of participants, as well as the factors playing a role in that respect.

Given the above-mentioned limitations, I designed a questionnaire based on memory recall as a cost-
effective, stand-alone method to explore a broad array of factors influencing QoE. The method allows for
capturing data about everyday video usage without interrupting the experience itself and could be used on
a massive scale. Additionally, it enables insight into goals fulfilled through different services, typical usage
contexts, and beliefs about video quality.

As I described in the literature review section[I.8.1] such a reconstructive approach has been successfully
applied in the related fields to understand e.g., the fulfillment of psychological needs through the use of
social media [91]. However, to the best of my knowledge, it has not been explicitly or systematically used
to study QoE IFs. To investigate this approach’s applicability and potential value, it is crucial to understand
if memory recall can provide valid results.

In this chapter, I present three substudies covering: Video On Demand (VOD), videoconferencing, and
live streaming. All of them were designed to evaluate IFs in each use case. Moreover, I compared results

before and after the application of a memory recall procedure. In total, 140 participants took part in this

evaluation. The [General Hypothesis] for this study, postulates that IFs can be measured and taxonomized

using a memory recall-based questionnaire. This [General Hypothesis| can be further operationalized into

three working hypotheses. First, IFs ratings will be statistically different before and after the memory recon-
struction procedure. Second, the questionnaire will provide a statistically distinctive gradation of Influential
Factors (IFs) for each use case. Third, the questionnaire will provide statistical differences for the most
dominant factors between use cases. Due to the number of factors, multiple comparisons will be required
to verify these hypotheses. While there are methods for adjusting to the number of comparisons, they are
designed for confirmatory studies [[18]]. This study serves exploratory purposes, thus, the hypothesis will be

verified with methods unadjusted to the number of comparisons.
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Below, I present both the methodology and the results of these experiments.

2.2 Method

For the purpose of this study, I prepared an original questionnaire. Items in the questionnaire were for-
mulated based on the literature described in section [I.8] Moreover, they were discussed with experts from
the field. The first version of the questionnaire was evaluated in a pre-test with 14 participants (7 male, 7
female, mean age 29.4, S.D. 8.99) in terms of clarity and completeness. Participants from the pre-test an-
swered items in the questionnaire during a live session with the author. They were commenting on each part

of the questionnaire. On top of that, they could ask for clarification each time they need.

Based on the feedback, further improvements were made, and the questionnaire was implemented in
Qualtrics [[149]]. The original study was conducted in the Polish language, and the questionnaire itself
was translated for the purposes of this chapter and method publications. Full questionnaire in both lan-
guage versions, with the data from the experiment, can be found at https://github.com/TUFIQoE/

gquestionaire.

For the purpose of each substudy, I implemented three versions of the questionnaire, namely for VOD,
live stream, and video chat. This design was used to verify whether the method captures differences across
distinct contexts, thereby providing an indication of external validity. Each version had a similar structure of
questions, thus enabling comparison between the three use cases. Each questionnaire was divided into five
sections: demographics, motives, attitudes, factors in general, and factors after the memory reconstruction
procedure. The questionnaire was preceded by a presentation of the purpose of the survey, along with an

agreement form for participation.

140 participants (78 female, 54 male, and 5 non-binary individuals) were recruited to this study by means
of a convenience sampling approach after participating in an unrelated QoE study. Participants were mostly
students (65%), aged between 18-24 (63%). Based on a short survey about their everyday life experience
with different types of services, participants were assigned to one of three main topic groups: VOD (N=50),
video chat (N=48), or live stream (N=42). The inclusion criterion was time spent with a particular service
during the preceding week. Given the lower popularity of live streaming compared to the other services, live
streaming was prioritized when categorizing participants who used both VOD and live streaming. I present

more details about demographics in section[2.3]

Questionnaires were displayed in the Qualtrics domain, on laptops in the lab. On average, filling out the
questionnaire took 15 minutes (Mean=912.1 s SD = 248.3 s). Within the questionnaire, a focus-measuring
question was embedded to ensure participants’ attentiveness. Those who answered this question incorrectly
were excluded. Consequently, during our initial data analysis, 6 of these participants were identified as
outliers and removed from the dataset. Table [2.1] contains detailed descriptions of each sample after data

cleaning.
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Table 2.1: Demographic data categorized for three use cases

VoD n=49 Video chat n=44 Live Stream n=41
females 69.39% | females 61.36% | females 39.02%
S males 24.49% | males 38.64% | males 58.54%
ex
non-binary 4.08% | non-binary 0% | non-binary 2.44%
prefer not to say  2.04% | prefer not to say 0% | prefer not to say 0%
student 61.22% | student 51.27% | student 60.98%
unemployed 4.08% | unemployed 2.27% | unemployed 2.44%
Occupation employee 30.61% | employee 31.82% | employee 26.83%
self-employed 0% | self-employed 4.55% | self-employed 2.44%
other 4.08% | other 9.09% | other 7.32%
18-24 57.14% | 18-24 63.64% | 18-24 68.29%
A 25-34 34.69% | 25-34 22.73% | 25-34 26.83%
e
s 35-44 4.08% | 35-44 9.09% | 35-44 4.88%
45-54 4.08% | 45-54 4.55% | 45-54 0%
non-user 4.08% | non-user 0% | non-user 2.44%
occasional user 20.41% | occasional user  40.1% | occasional user 68.29%
Time spent regular user 53.06% | regular user 50.0% | regular user 26.83%
intensive user 20.41% | intensive user 9.09% | intensive user 2.44%
overwhelmed user 2.04% | overwhelmed user 0% | overwhelmed user 0%
to some degree 6.12% | to some degree 2.27% | to some degree 0%
Competence
) moderately 12.25% | moderately 13.64% | moderately 12.2%
in  technology ) ) )
considerably 42.86% | considerably 40.91% | considerably 41.46%
usage
s very good 38.78% | very good 43.18% | very good 46.34%
LAN 2.04% | LAN 6.82% | LAN 12.2%
Connection Wi-Fi 44.9% | Wi-Fi 54.55% | Wi-Fi 63.42%
type cellular network  8.16% | cellular network  2.27% | cellular network  7.32%
it depends 44.9% | it depends 36.36% | it depends 17.07%
not at all 4.08% | not at all 9.09% | not at all 0%
] to some degree ~ 4.08% | to some degree 9.09% | to some degree 9.76%
Home internet
) ) moderately 40.82% | moderately 25.0% | moderately 34.15%
satisfaction ) ) )
considerably 30.61% | considerably 31.82% | considerably 43.9%
alot 20.41% | alot 25.0% | alot 12.2%
not at all 2.04% | not at all 0% | not at all 2.44%
o to some degree  2.04% | to some degree = 4.55% | to some degree = 2.44%
Mobile internet
. . moderately 32.65% | moderately 11.36% | moderately 14.63%
satisfaction ) ) )
considerably 55.65% | considerably 52.27% | considerably 51.22%
alot 8.16% | alot 31.82% | alot 29.27%
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2.2.1 Questionnaire Structure

Demographics and Usage Context

Demographic data often offers valuable insights into human factors. To capture this, the first section of the
questionnaire focused on demographics, multimedia experience, and internet connection through a series of
12 closed-ended questions. This section resembles the demographic and socio-economic background part
of Human Factors described in [53]].

This section began by gathering information on participants’ employment status, gender, and age. Sub-
sequently, participants were asked about the multimedia services they utilized in the past month (see [2.1)).
Leveraging Qualtrics’ conditional functions, subsequent sections of the questionnaire were tailored to delve

deeper into the specific services participants had previously identified.

Which of the following video on demand (VOD) services have you
used during the last month? Multiple choice is possible.

HBO GO

Netflix

Hulu

Disney

Amazon Prime

Showtime

YouTube (excluding live stream content)

Tik Tok (excluding for live stream content)

Instagram (stories and videos only, excluding for live stream
content)

Vimeo

Dailymotion

Facebook (only "watch" video section excluding for live stream
content)

Vevo

Streamable

TED

LiveLeak

Apple Tv

Twitter (videos only, excluding for live stream content)
CDA

Other

Figure 2.1: This is an example of services listed in the VOD version of the questionnaire.

Next, participants’ expertise was measured with two items asking about the regularity of video service
usage and proficiency with electronic devices in general. Subsequently, participants answered six questions
about the internet connection that they use for video services, including the type of connection, subjective

satisfaction, data plans, and payment.

Motives

After collecting demographic information, the questionnaire continued with questions addressing user mo-
tives for using video services. First, participants were asked about their reasons for using video services in

the past month, with a multiple-choice question. See the list below.

* Pleasure and entertainment (e.g. not to be bored, to pass some time, etc.)
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* Relaxation (e.g. Forgetting my daily duties, worries, distraction from stressful events, etc.)

* Learning and information seeking (e.g., updating information about important events, detailed infor-

mation about how people do something step by step, etc.)
* Watching with friends or family
* To have a company (e.g. sound in the background or as a second activity, etc.)

* To separate from others (e.g. to have personal space for transportation or to be able to ignore sur-

roundings, etc.)

In addition to these six predefined purposes listed, participants also had the option to provide their own
answer. Based on this information together with previously chosen services, participants were asked to map

purposes with services (see Figure[2.2]).

Please indicate below, which services have you used for what
purpose. (Multiple choice is possible):

Figure 2.2: This is a preview example for participants selecting four services and four purposes, with

multiple-choice answering.

The goal of this part of the questionnaire was to investigate intrinsic and extrinsic factors that drive
participant engagement in video services [[175]. A similar matrix was used to ask participants which devices
they use for particular services. In this matrix, participants were asked about smartphones, tablets, laptops,
PCs, projectors, and TVs.

Finally, at the end of this section, there were questions about the physical and social context of video
usage. Participants were asked where they tend to use video services and how many people are usually

around them during video sessions.

Attitudes Towards Video Quality

This section was designed to measure attitudes toward the quality of video, based on the ABC (affect,
behavior, cognition) model of attitudes [24]. This section was built to investigate whether there is a difference
between declarations about emotional affect and beliefs about quality and user behaviors. In other words,

the goal was to see how behaviorally important video quality is.
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In total, this section covered 7 items rated on a 5-point, nominal scale labeled: “Not at all”, “A little”,
“Moderately”, “Considerably”, “A lot”. Items were adjusted for three different use cases (VoD, video chat,

and live stream). Therefore, in the below list, ’video service’ notation replaces a particular example.

The first item was implemented to measure how video malfunctions affect users emotionally.

* "How annoying do you find video malfunction during using video service (low resolution, lack of

smoothness, stalling, etc.)?".

Then I implemented 5 questions covering behavior related to video problems. Actions were chosen to rep-

resent diverse demands.

* “How convinced are you that you would call your Internet operator or write an e-mail to the Service

Owner if you knew it may help you solve these problems?”.

* “How convinced are you that you would refresh your browser to improve video quality on video

service?”.

* “How convinced are you that you would restart your Internet connection to improve video quality

video service?”
* “How convinced are you that you would pay more to get better video service quality?”

* “How convinced are you that you would change Internet operator or video service Service Provider

due to the poor video quality?”

Lastly, cognitive attitudes were measured by asking about the direct statement on the importance of

video quality, as a component of QoE.
* "How important is video quality to you?"
At the end of this section, a trap question was used to measure participants’ attention during the test.

* "Many people experience irritation or satisfaction when viewing a video due to various factors. In this
study, we want to try to understand this phenomenon better. For this purpose, we need to check how
carefully people read our questions. Please choose the answer "considerably" below. Then, you can

move on to the rest of the study related to the remembered example experience."

Below this question, the same scales as previously were displayed. If participants chose an option other than

’considerably,” they were filtered out as outliers.

Factors Influencing Quality of Experience

This section of the questionnaire was divided into two parts, each containing matrix questions about the
Influential Factors (IFs) of QoE (see Fig. [2.3). The same questions were asked twice, with a memory recall
task inserted between the two parts. The goal was to investigate whether the memory recall procedure would
increase the precision of the measurements.

Before the matrix directly asking about the influence of factors, the following instructions was displayed.
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* In this section, we will ask you to evaluate various characteristics and factors in terms of how much
you think they affect your video service experience. Imagine how much the given events and charac-

teristics make the experience pleasant or annoying.

* Please mark it on a scale from “Not at all” to “A lot”. If you think an aspect has a big impact, choose
“A lot” and if not, select “Not at all”. We encourage you to differentiate as much as possible during
the assessment. There are no “right or wrong” answers. If you do not understand an item, please select

"I don’t understand".

Then, in a series of matrix questions, participants were asked to rate “how much these factors impact your
experience with video service”. VoD and live stream had 29 items (see. tab. [2.2)). For video chat, the follow-

ing items were removed due to their inadequacy for the use case:

1. Your knowledge of the content (how many times you’ve seen it, how much do you know what to

expect)
2. The fact that it was only available on one type of service
3. The fact that it was or was not a premiere
4. Content genre (e.g. comedy, sports, talk show ...)
5. The presence of advertisements (playback interruption, screen covering, etc.).
Instead, two following items were add for video chat:
1. The fact that the meeting was recorded or not (possibility to watch it again later)

2. Your interaction with other participants

Table 2.2: Items measuring Factors Influencing QoE

A. Video quality factors B. Context factors C. Content factors
1. Fluency of the video (e.g.,

Occurrence of stalling events, | 1. Network connection effi- ) )
o ) 1. Your interest in the content
frame drop, freeze, time jumps, | ciency

lack of continuity, etc.)

2. Application features (design, )
2. Image and sound synchro- 2. Content impor-
o appearance, ease of use, ease of o
nization tance/significance
access)

) 3. Number of crucial de-
3. The presence of artifacts or ) o ) )
) o ) o 3. Environment (lighting, time | tails (e.g., presence of small
distortion in the video (visibil- ) )
) of day, comfort, temperature, | essential elements, little draw-
ity of shapes that are strange and . ) o ) )
etc.) ings/inscriptions, slides with
unnatural) )
graphics, etc.)
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A. Video quality factors

B. Context factors

C. Content factors

4. Reproduction quality of
dark/black parts of the video

(visible blocks or other artifacts

4. The
ily,

presence of fam-

friends, or a supervi-

4. Emotions evoked by the con-

tent

31

) . sor/boss/teacher
in the dark part of the video)

5. Video resolution (visible pix-

) 5. Your attention (multitasking / | 5. Duration of the
els, number of details, sharp- o o )
other activity, lack of sleep, etc.) | clip/video/movie

ness, etc.)

. . 6. Your familiarity with the con-
) ) ) 6. Previous experiences (screen )
6. Colors quality (reality, diver- | o _ | tent (how many times you’'ve
) time, significant events of this )
sity, contrast) seen it, how much do you know
day, etc.)

what to expect)
7. Your appreciation of the con-

7. Device type (resolution, size, ) o
) 7. Your mood and emotions tent (e.g., whether you find it in-
quality)

teresting or boring)

o o 8. Cost/price (if access was paid,
8. Visibility of details in dark _ _
) price of the service, how much | 8. Content genre (e.g. comedy,
scenes - the quality of these
money you have already spent | sports, talk show...)
scenes

on that service, etc.)

9. Purpose of use - work, educa-

tion, entertainment, etc...
10. The fact that it was only

available on one type of service
11. The fact that it was or wasn’t

a premiere

12. Your expectations regard-
ing the content (e.g., based on
reviews, other people’s recom-

mendations, etc.)

13. The presence of advertise-
ments (playback interruption,

screen covering, etc.)

In the matrix participants were using a similar scale as in the previous part of the questionnaire, namely:
“Not at all”, “A little”, “Moderately”, “Considerably”, “A lot”. The answer “I don’t understand” was added

to investigate if our questions were understandable for participants.

A matrix consisting of over 20 items would be overwhelming for participants. Thus, questions were
divided into a series of matrices consisting of 6 items. Using Qualtrics, logic items were displayed randomly
in every matrix (see fig.[2.3)). This functionality enabled reduction of the grouping effect [64] on participants’

ansSwers.
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In this section, rate how much these factors impact your
experience with VOD services.

Figure 2.3: Example of the matrix generated in Qualtrics. Participants were scoring factors in a set of 5 of

those matrices. The order was randomly generated for each participant.

Memory Recall

After the first measurement of factors influencing QoE, a memory recall section consisting of 9 questions
was presented to participants. At the beginning of this part, I asked participants to recall a unique, unfor-
gettable experience (satisfying or unsatisfying) that they had while using a video service in the past month.
Additionally, the services that participants claimed to use in the past month from section 2.2.1] were dis-
played to help them in memory recall.

Firstly, participants were asked about the time of the event- the day of the week and time of the day.
Then, more detailed questions about context were implemented about the place, social presence, device, and
service. At the end, participants were asked about the purpose, feelings, and whether the event was present
or unpleasant.

After memory recall, questions about the factors influencing were displayed a second time. This time,
participants were asked to rate this particular experience that they recalled. Because items describing factors
influencing QoE are very precise, one more answer was added. Participants could now choose the option
"absent" in the matrix questions. The purpose was to avoid forcing participants to rate events that might not

be present in specific memory, such as the presence of advertisements.

2.3 Results

In this section, I present the results of all three substudies side by side to facilitate comparison across the

three use cases: video on demand (VoD), live streaming, and video chat.
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Results from each part of the questionnaire are presented in the same order as the questionnaire structure.
The demographic characteristics are first described and illustrated in Table[2.1] followed by participants’ mo-
tives, visualized in Figures [2.4] and [2.5] Subsequently, attitudes toward quality measurements are reported.
The factor measurements taken before and after the memory recall procedure are then compared. Finally,
the results obtained after the memory recall procedure are presented. All results are shown after the removal
of outliers - responses from participants who failed the attention verification question were excluded from

the analysis.

2.3.1 Demographics

In table 2.1] T present demographic statistics divided by each substudy. Across the surveyed platforms,
females predominantly used VoD and video chat, while live streaming attracted more males. The 18-24
age group was the largest across all use cases, with no participants aged 45-54 in the live streaming group.
Most respondents were students, though video chat included more participants combining work and study
(as reflected in the “other” category). VoD users engaged more regularly, whereas live streaming was mostly
used occasionally; video chat fell in between. While technological competence was generally high, live
streamers most frequently rated themselves as “very good.” Wi-Fi was the most common connection type,
but VoD users showed the most variability. Home internet satisfaction was moderate across all groups,
whereas mobile internet satisfaction was highest among video chat and live stream users, and lowest for

VoD users.

2.3.2 Motives

Motives and usage context data were gathered by matrix-like questions with multiple answers possible.
Thus, to analyze them, I prepared heatmaps (see fig. [2.4). This approach enabled the illustration of multiple
dimensions of the data. Firstly, it shows which services are generally the most commonly used (the most
frequent options are presented at the bottom of the chart). Secondly, the heat maps present the most popular
motives for each use case on the left side of Figure

While live stream and VoD were primarily reported as means for entertainment and relaxation, video
chat users predominantly declared using it for learning and connecting with friends and family. YouTube
was declared as the most common platform both for live stream and VoD. Moreover, the video chat heat
map clearly shows the differences in the purposes of using various services. Messenger was reported as the
most popular platform for connecting with friends and family, while Teams was the most commonly used
tool for learning.

Similar heat maps are used to picture device usage per service (see Figure [2.5). VoD and live stream
services were reported to be mostly used on smartphones. For the video chat use case, laptops were the most

common device, with the exception of Messenger, which was primarily used on smartphones.

2.3.3 Attitudes Towards Video Quality

The importance of video quality was rated by participants, with 81.8% assigning a score of 4 “Quite a

bit” (47%) or 5 “Extremely” (34.8%). In contrast, when asked about the likelihood of paying more for
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improved video quality, only 28% selected either 4 “Quite a bit” (22.7%) or 5 “Extremely” (5.3%). These
results suggest a distinction between perceived importance and actual willingness to invest financially. A
Multivariate Analysis of Variance (MANOVA) was conducted to examine potential differences across the
three use cases; no statistically significant effects were found. Thus, here I present combined results from all
three substudies on one graph. The distribution of responses is presented in Figure [2.6] To further explore
response variability, Wilcoxon signed-rank tests were applied. Pairwise comparisons were conducted in

descending order of mean values, and statistically significant differences are marked by a change in color.

0 IIIIII

Pay Change Call Restart Refresh Iritation Importance

Figure 2.6: Wilcoxon signed-rank tests measured response differences, and significant changes are color-
coded. MANOVA showed no significant differences between use cases thus, data is presented accumula-

tively for all use cases.

2.3.4 Influential Factors Before Memory Reconstruction

This section presents the self-descriptive importance of each Influential Factor of Quality of Experience.
Both tables and graphs presented in this subsection analyze the same means. Figure [2.7] presents the out-
comes of the three substudies side by side. The average self-reported influence of each factor is indicated by
the length of the bars, with 95% confidence intervals included. Paired comparisons of means were conducted
using the Wilcoxon test. Whenever a statistically significant difference was found, the color of the bar was
changed, and the next factor in the sequence was used as the reference for comparison.

In the same figure 2.7] the first two color groups can be interpreted as the most important. For both the
VoD and live stream substudies, three key groups of factors emerge: interest and appreciation of content,
technical quality, and advertisement. In contrast, for video chat, only technical factors are reported as most
important.

The differences between substudies were measured with the Wilcoxon test pair by pair. In total, 77
comparisons were made. Tabel [2.4] present means compared with statistically significant results marked
with bold text and an asterisk. These are unadjusted tests, so at the 0.05 significance level, about 4 of the
77 comparisons may represent chance findings. Among the significant differences, appreciation, details,

interest, and previous events show notable variation, particularly in comparisons involving video chat. For
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instance, video chat was perceived as less influenced by appreciation and interest than VoD and live stream.
This suggests that users attributed their satisfaction or dissatisfaction during video chats less to content-
related factors, highlighting a stronger role of interpersonal or technical aspects in shaping their experience.

Table 2.3 summarize only statistically significant differences.

Table 2.3: Summary of statistically significant differences

Substudy VoD VChat p Live p
(VoD-VChat) (VChat-Live)
Appreciation 4.21 3.57 0.0018* 4.32 0.0005*
Details 3.24 3.75 0.0374* 3.20 0.0166*
Interest 4.31 3.80 0.0091* 4.51 0.0003*
Previous events 3.12 3.70 0.0180%* 3.44 0.221
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2.3.5 Effect of Memory Recall Procedure

In the memory recall section, 75.51% of VoD users recalled pleasant memories, 10.20% remembered un-
pleasant ones, and 14.29% were uncertain in their categorization. For video chat users, 54.55% recounted
pleasant memories, 31.82% brought up unpleasant ones, and 13.64% were ambiguous in their classification.
Meanwhile, live stream users reported 78.05% pleasant memories, 9.76% unpleasant memories, and 12.20%
that were challenging to categorize. In table [2.5] present which service that were recalled by participants is

presented.

Table 2.5: Services recalled by participants divided into 3 substudies.

VoD % | Video Chat % | Live stream %
Netflix 57.1 | Teams 34.1 | TVP Sport | 32.5
Youtube 18.4 | Messenger 13.6 | YouTube 27.5
CDA 12.3 | Skype 11.4 | Twitch 22.5
HBO GO | 6.1 | Telegram 9.1 | Facebook 10.0

Facebook | 4.1 | Google Meet | 9.1 | Instagram 7.5
Instagram | 2.0 | WhatsApp 6.8

Other 2.0 | Zoom 4.6
Face Time 4.6
Instagram 2.3
Cisco 2.3
Other 2.3

Respondents were able to relate to certain factors better when having a specific experience in mind. For
example, in the section before memory recall, participants claimed in all 3 substudies 22 times that they
did not understand the question. On the other hand, after recall, "I don’t understand" response was used
only 11 times, cumulatively for all use cases. A similar effect was observed in the pre-test phase, in which
participants answered with more ease after memory recall.

Another argument in favor of using memory recall comes from reliability analysis. Cronbach’s al-
pha [37] is widely used as a measure of the internal consistency of questionnaires and the reliability index.
For all three substudies, alpha was higher in the part after memory recall. (VOD: 0.75 to 0.82, video chat:
0.78 to 0.87, live stream: 0.72 to 0.82).

Table presents the change in mean before and after the recall procedure. Means were compared us-
ing the Wilcoxon test. Several statistically significant differences emerged, particularly in the VoD and live
streaming conditions. Notably, advertisement and price consistently showed a significant decrease in per-
ceived influence after recall across all use cases, suggesting that these aspects may be initially overestimated
during immediate evaluations.

Technical factors such as synchronization, internet quality, resolution, dark quality, and fluency also
showed significant declines, especially in the VoD and live stream contexts, indicating a reduced importance
of system performance after reflective recall.

In contrast, emotional factors like emotions evoked and mood either remained stable or slightly increased

in influence after recall, particularly in live streaming and video chat.
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The video chat condition showed fewer changes overall, but still exhibited significant drops in perceived
influence of dark detail, price, and details, indicating that some technical and visual factors are also re-

evaluated for scoring one particular memory.

Table 2.6: Comparison of mean factor ratings before and after memory recall, substudy using the Wilcoxon

test. Statistically significant differences (p < .05) are shown in bold.

Label VoD Video Chat Live Stream
Before  After p Before  After p Before  After D

Advertisement 4.24 359 p=0.0344 - - - 4.37 343  p=0.0098
Application 3.67 3.00 p=0.0201 391 337  p=0.0799 4.00 3.21 p =0.0053
Appreciation 4.21 4.16 p=0.8430 3.57 38 p=0.1190 4.32 438 p=0.7540
Artefacts 4.27 379 p=0.1020 4.39 450 p=0.4960 441 352 p=0.0097
Attention 3.43 2.67 p=10.0006 3.39 3.67 p=0.2450 3.67 343  p=0.2930
Availability 3.26 245  p=0.0067 - - - 2.93 243  p=0.0708
Colours 3.86 359 p=0.3890 3.82 327  p=0.0326 3.78 333  p=0.1130
Content Genre 3.69 3.62 p=0.8820 - - - 3.85 390 p=0.4980
Content familiarity 333 3.09 p=0.3990 - - - 3.73 322  p=0.1070
Dark detail 3.96 343  p=0.0519 3.73 282 p=0.0041 3.76 3.13  p=0.0809
Dark quality 3.52 3.18 p=0.2560 3.34 265 p=0.0239 3.26 250 p=0.0091
Details 3.24 288 p=0.1740 3.75 3.11 p = 0.0247 3.20 253  p=0.0126
Device 3.65 359  p=0.8660 3.89 3.51 p=0.1540 3.49 328  p=0.6450
Duration 3.16 290 p=0.3800 3.25 347  p=0.3530 332 274  p=0.0464
Emotions evoked 3.69 386 p=0.5150 3.39 3.81 p=0.0794 3.80 428 p=0.0072
Expectation 3.59 334 p=0.5720 3.41 3.71 p=0.1520 3.34 3.18 p=0.8760
Fluency 4.65 4.02  p=0.0025 4.61 455 p=0.5740 441 4.18 p=0.4580
Importance 3.82 378  p=0.7400 3.77 377  p=0.7500 4.02 4.05 p=0.6960
Interest 431 433  p=0.6510 3.80 4.02 p=0.1270 4.51 455 p=0.8180
Internet 441 384 p=0.0151 4.63 450 p=0.4480 4.46 4.05 p=0.0931
Mood 3.51 384 p=0.1410 332 386 p=0.0136 3.56 383 p=0.2260
People around 3.29 322 p=0.9420 3.59 353  p=0.9080 322 297 p=04770
Premiere 2.29 1.87  p=0.0481 - - - 2.68 3.00 p=0.4230
Previous events 3.12 276  p=0.0831 3.70 332  p=0.2230 3.44 295  p=0.0210
Price 3.94 2.60 p=10.0000 3.72 290 p=0.0047 3.82 295 p=0.0213
Purpose 3.71 3.60 p=0.9220 3.70 4.05 p=0.1620 3.88 3.67 p=0.4410
Resolution 4.37 4.04 p=0.1360 4.27 395 p=0.1970 4.49 383 p=0.0033
Surrounding 3.39 3.17  p=0.5090 3.39 337  p=0.9680 3.71 315 p=0.0318
Synchronization 4.75 420 p=0.0099 4.64 433  p=0.1170 4.73 420 p=0.0037

2.3.6 Influential Factors After Memory Reconstruction

In the matrix question, participants had the opportunity to choose “not present” if some of the factors were
irrelevant to their recollection. This design served two purposes. Firstly, participants were not forced to
choose a response on the ordinal scale when a specific factor was not part of their experience. Secondly, it
gives an overview of which factors are most common. Participants chose the option “not present” 89 times
in VOD, and 75 and 99 times in video chat and live stream, respectively. Figure [2.8]presents the percentage
of missing values for each factor in the VOD substudy. For this use case, the most commonly missing factor
was the influence of advertisements. Figure [2.9] represents the number of missing factors in the video chat
substudy. In this substudy, there were no questions about the advertisement, as for the time of the study, there
were no communicators using advertising in the service. Consequently, the price factor was most commonly
reported as "not present." Figure [2.10]depicts missing values for the live stream use case. Similarly to video
chat, price was the rarest factor. Moreover, advertisements were reported more commonly as not present in

live streams compared to VoD.
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Figure 2.10: Percentage of "not present" answers for factors influencing live stream.
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To analyze the differences between use cases, Ordered Logistic Regression (OLR) was used to compare
the influence of each factor across service types (VoD, Video Chat, Live), while controlling for whether the
recalled memory was pleasant or not. For each factor, a separate OLR model was fitted using the polr ()
function from the MASS package in R. Three pairwise comparisons were extracted from each model using
Wald tests based on the estimated coefficients and their standard errors: VoD vs. Video Chat, VoD vs. Live,
and Video Chat vs. Live. The resulting p-values are reported in Table [2.8] A total of 77 such comparisons
were conducted across all included influential factors. These are unadjusted tests, so at the 0.05 significance
level, about 4 out of the 77 comparisons may occur due to chance.

The model estimated the probability of a response level y; for each factor using the cumulative logit

formulation:

P(Y; < )
° (Pm- = h)

where 6, are the intercepts (thresholds) for category k, and (31, B are coefficients for the predictors.

) = 0 — (B1 - UseCase; + (35 - Pleasure;) 2.1

The table 2.8 compares Impact Factors across three video service substudies. In the table [2.7] all statis-
tically significant effects are reported.

Notably, differences were most pronounced for technical aspects such as artefacts, and the Internet,
where video chat was often rated higher than VoD. Emotional and contextual factors, including emotions
evoked, Interest, and people around, showed significantly higher scores for live streaming compared to video

chat. A few effects were also observed between VoD and live, including dark quality and premiere.

Table 2.7: Summary of statistically significant differences (after recall)

Substudy VoD VChat p (VoD-VChat) Live p (VoD-Live) p (VChat-Live)
Appreciation 4.16 3.86 0.206 4.38 0.260 0.0259*
Artefacts 3.79 4.50 0.0326* 3.52 0.364 0.0041*
Attention 2.67 3.67 0.0002* 3.43 0.0031%* 0.374
Dark detail 3.43 2.82 0.0356* 3.13 0.402 0.269
Dark quality 3.18 2.65 0.0400%* 2.50 0.0404* 0.979
Duration 2.90 3.47 0.076 2.74 0.640 0.0329*
Emotions evoked 3.86 3.81 0.907 4.28 0.0346* 0.0371*
Interest 4.33 4.02 0.086 4.55 0.246 0.0071*
Internet 3.84 4.50 0.0053* 4.05 0.327 0.078
People around 3.22 3.53 0.140 2.97 0.370 0.0252*
Premiere 1.87 - - 3.00 0.0019* -
Previous events 2.76 3.32 0.0359* 2.95 0.453 0.171
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Table 2.8: Comparison of mean scores and p-values between conditions

Label Mean VoD Mean VChat p (VoD-VChat) Mean VoD Mean Live p (VoD-Live) Mean VChat Mean Live p (VChat—Live)
Advertisement 3.59 Not present not present 3.59 3.43 0.747 Not present 3.43 not present
Application 3 3.37 0.388 3 3.21 0.489 3.37 3.21 0.851
Appreciation 4.16 3.86 0.206 4.16 4.38 0.260 3.86 4.38 0.0259%
Artefacts 3.79 4.5 0.0326* 3.79 3.52 0.364 4.5 3.52 0.0041*
Attention 2.67 3.67 0.0002* 2.67 3.43 0.0031* 3.67 3.43 0.374
Availability 245 Not present not present 245 243 0.885 Not present 243 not present
Colours 3.59 3.27 0.253 3.59 3.33 0.281 3.27 3.33 0.959
Content familiarity 3.09 Not present not present 3.09 3.22 0.672 Not present 3.22 not present
Content Genre 3.62 Not present not present 3.62 3.9 0.225 Not present 3.9 not present
Dark detail 343 2.82 0.0356* 3.43 3.13 0.402 2.82 3.13 0.269
Dark quality 3.18 2.65 0.0400* 3.18 2.5 0.0404* 2.65 2.5 0.979
Details 2.88 3.11 0.452 2.88 2.53 0.234 3.11 2.53 0.071
Device 3.59 3.51 0.920 3.59 3.28 0.447 3.51 3.28 0.526
Duration 29 3.47 0.076 29 2.74 0.640 3.47 2.74 0.0329%
Emotions evoked 3.86 3.81 0.907 3.86 4.28 0.0346* 3.81 4.28 0.0371%*
Expectation 3.34 3.71 0.245 3.34 3.18 0.570 3.71 3.18 0.106
Fluency 4.02 4.55 0.077 4.02 4.18 0.418 4.55 4.18 0.366
Importance 3.78 3.77 0.637 3.78 4.05 0.232 3.77 4.05 0.110
Interest 4.33 4.02 0.086 4.33 4.55 0.246 4.02 4.55 0.0071*
Internet 3.84 4.5 0.0053* 3.84 4.05 0.327 4.5 4.05 0.078
Mood 3.84 3.86 0.923 3.84 3.83 0.935 3.86 3.83 0.985
People around 3.22 3.53 0.140 3.22 297 0.370 3.53 297 0.0252*
Premiere 1.87 Not present not present 1.87 3 0.0019* Not present 3 not present
Previous events 2.76 3.32 0.0359* 2.76 2.95 0.453 3.32 2.95 0.171
Price 2.6 2.9 0.340 2.6 2.95 0.314 29 2.95 0.902
Purpose 3.6 4.05 0.101 3.6 3.67 0.954 4.05 3.67 0.123
Resolution 4.04 3.95 0.602 4.04 3.83 0.402 3.95 3.83 0.770
Surrounding 3.17 3.37 0.477 3.17 3.15 0.845 3.37 3.15 0.387
Synchronization 4.2 4.33 0.720 4.2 4.2 0.789 4.33 4.2 0.553
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2.4 Results Discussion

In this chapter’s discussion, firstly, I describe the demographics of participants in subsection high-
lighting the role of expectations depending on context. Then address participants’ attitudes towards video
quality in subsection [2.4.3] emphasizing the gap between cognition and behavior. In subsection [2.4.4] first
working hypothesis (IFs ratings will be statistically different before and after the memory reconstruction
procedure) is discussed along with effect of memory recall. Finally, I present the factors influencing the
participants’ Quality of Experience (QoE) in subsection [2.4.5] with a relation to second and third working
hypothesis. Those hypothesis were stated as: the questionnaire will provide a statistically distinctive grada-
tion of Influential Factors (IFs) for each use case, and differences between IFs will be statistically significant

across use cases. Discussion highlights the content’s role in shaping users’ experiences.

2.4.1 Demographics

Demographics were captured through an extensive section of questions (see tab. [2.1]). This allows for the
assessment of multiple characteristics of samples assigned to a specific substudy. The groups were relatively
balanced in terms of occupation, age, competence in technology usage, and internet satisfaction. A relatively
high level of Internet satisfaction resembles good access to the Internet in Poland. According to the Central
Statistical Office of Poland, at the time of the study, 93.3% of Poles had access to broadband internet [29].
This data includes 69.5% with fixed-line broadband internet access and 70.6% with access to broadband
mobile internet. Substudies were less comparable in terms of sex, time spent on video usage, and preferred
type of internet connection. Notably, live stream users, including occasional users, were more often male
and utilized more LAN and Wi-Fi connections. As the sample was not extensive enough, additional sub-

sampling analysis of the demographics is limited. I will discuss this issue in more detail in subsection [2.4.6|

2.4.2 Motives

The heat maps (fig. [2.4) distinguish between services in terms of fulfilled goals. For instance, entertainment
is the most popular application for VOD and live streaming, but not for video chat. Additionally, learning is
the most common purpose for using video chat. This trend is likely influenced by the COVID-19 pandemic,
which took place during the study. The pandemic disrupted the education of 90% of students worldwide
at the time of our study [[178l 54]. Moreover, for "watching with relatives," participants are more likely to
choose Netflix over YouTube, while the opposite is true for learning. Similarly, participants prefer using
smartphones and laptops over other video devices when utilizing video services (see fig. [2.5).

These findings not only offer insights into consumer behavior but also contribute to the theoretical
understanding of QoE by highlighting the role of user expectations and prior experience. Such expectations
may vary depending on the device and use case. Therefore, in the future, the proposed questionnaire could be
employed to select individuals with specific multimedia usage experience for QoE subjective experiments.
Comparing such groups with different usage profiles might assist us in operationalizing and quantifying
the influence of user experience and expectations on QoE. With the insights gained from the questionnaire

study, researchers can establish which factors are most crucial to include in future studies.
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2.4.3 Attitudes Towards Video Quality

Referring to Figure [2.6] a discernible discrepancy emerges between the perceived importance of video qual-
ity and the willingness to pay. These results suggest that attitudes toward quality can be influenced by context
(e.g., socio-economic factors). Moreover, behavioral inclinations can vary. While a substantial 81.8% em-
phasized the importance of video quality, only a mere 28% exhibited a willingness to pay more for superior
quality. This divergence, explored through the ABC (Affect-Behavior-Cognition) theory of attitudes [24],
suggests that despite the affective component (satisfaction/dissatisfaction with video quality), it does not
straightforwardly translate into a corresponding behavioral response (willingness to improve quality via
payment). The cognitive component, or beliefs about video quality, might be influenced by various factors,
such as perceived value or financial disposition, which could be explored in future research. The findings
highlight a gap between feelings and actions regarding video quality and user experience. It’s essential to
understand these underlying thought processes better. Most QoE research relies on self-reports, like the
Absolute Category Rating scale [83]]. It’s worth noting that the differences between cognition, affect, and
behavior in this context might be more pronounced than currently understood, due to the limitations in the
traditional test designs. These insights are fundamental for the development of the author’s theoretical model
described in chapter 3]

2.4.4 Recall Procedure

To decide if the influential Factors can be measured and taxonomized by a memory recall-based question-
naire, first, the differences before and after the memory recall procedure have to be considered. As I stated
in the first working hypothesis for this chapter, IFs ratings will be statistically different before and after the
memory reconstruction procedure. Based on the above-presented results, I found this hypothesis supported
by data.

The results indicate a consistent decrease in the perceived importance of technical factors after the mem-
ory recall procedure. Synchronization, resolution, internet quality, and dark detail, after the memory recall
procedure dropped, particularly in the VoD and live stream substudies[2.8] This shift may be attributed to the
tendency of participants to recall more pleasant experiences, as previously shown in the distribution of mem-
ory valence. When reflecting on positive moments, users might focus less on system-level performance and
instead emphasize the content or emotional engagement aspects of the experience. This trend suggests that
recall-based evaluations may increase the importance of content-related and emotional factors in shaping
perceived quality, aligning more closely with users’ actual affective and experiential priorities in everyday
use.

Based on the memory recall data, video chat appears to be more frequently associated with unpleasant or
ambiguous recollections compared to VoD and live stream services. This suggests that users may encounter
more challenges or negative experiences when using video chat. At the same time, across all service types,
pleasant memories were overrepresented, indicating a general tendency for users to recall positive experi-
ences when reflecting on past usage. Moreover, this result might imply that technical problems with quality
are relatively rare in natural conditions. As I indicated above, participants reported a relatively high level of

Internet satisfaction, which reflects a good Internet availability in Poland [29].
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Taken together, the increase in internal consistency (as indicated by higher Cronbach’s alpha after re-
call), the reduction in “I don’t understand” responses, and qualitative feedback from participants all support
the inclusion of a memory recall procedure prior to the questionnaire. This step appears to enhance both

comprehension and reliability of the responses.

However, the current results also suggest that participants predominantly recalled pleasant memories,
potentially introducing a positivity bias in retrospective evaluations. It is also possible that experiences
where the network is not sufficient are rarer than positive ones. To address this, future studies should consider
experimentally balancing memory valence by instructing half of the participants to recall a pleasant memory
and the other half an unpleasant one. Such an approach would allow for more systematic investigation of
how memory valence influences perceived quality and help draw clearer conclusions about the relative

importance of different Influencing Factors.

2.4.5 Factors Influencing QoE After Recall

Before discussing a statistically distinctive gradation of Influential Factors (IFs) and differences between
IFs across use cases, I will provide information about service usage and missing values in this part of the

questionnaire.

In this section, users rated Factors Influencing QoE only based on one particular memory. Table [2.5]
presents the distribution of services that participants remembered. For the VoD use case, the Netflix platform
was predominant, as 57.14% of participants recalled using this service. CDA and HBO were remembered by
12.25% and 6.12% of participants, respectively. As a result, the majority of responses in this segment per-
tained to platforms that offer professionally produced content and have limited interactivity. Only 24.5% of
participants mentioned social media platforms known for user-generated content and interactive interfaces.
The video chat category was more evenly distributed, though Microsoft Teams was still the most recalled.
The Live stream category was the most balanced of all, with TVP Sport being notably high at 32.5%, likely

due to the concurrent European Football Championship.

Having established which services were most recalled, it’s also important to note the Influence Factors
that were often absent from participants’ memories. The factors that were often underrepresented, such as
price, advertisement, and the presence of people around, highlighted the usefulness of the "not present"
option for participants (see figs. [2.8] 2.9] and [2.10). Omitting this option from the questionnaire would have
resulted in a loss of valuable insights. For instance, while VoD users frequently reported the absence of
advertisements in their recalled memories, both video chat and live stream users commonly indicated that

the price factor was not present.

While some factors were less frequently recalled, their importance shouldn’t be underestimated. A fac-
tor’s infrequent occurrence did not always translate to its diminished importance. In the VoD scenario,
nearly 25% of participants did not encounter any artifacts. However, among those who did, the perceived
impact of these artifacts was considerable, with the mean influence ranking among the top 9 Impact Factors
(see fig. 2.11)). This highlights that the scale gauges two distinct dimensions simultaneously. Although this

method does not force participants to rate absent factors, it does introduce methodological challenges, no-
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tably in producing a significant amount of missing, non-random data. The implications of this approach are
further discussed in subsection 2.4.6

Having established the frequency of these factors, next I discuss mean scores for their influence (see
fig. 2.T1). This figure support, second working hypothesis for this chapter providing statistically distinctive
gradation of Influential Factors (IFs) for each use case

In the video chat use case, the most important factors are related to internet efficacy. Factors such as
fluency, internet quality, occurrence of artifacts, and synchronization of sound and video were most im-
portant for participants. On the other hand, for VoD and live stream use cases not only technical aspects
were important, but also the value of the content itself. Factors such as interest, appreciation of the con-
tent, and emotions evoked by the content were at the top of the most important factors. This shows that for
live stream or VoD QOE studies, the content itself is a crucial factor. This is an important insight because
many existing theoretical models of QoE (e.g. [52, [151} [131 163l [154} I53| 44]) often downplay its role,
emphasizing instead technical parameters. On the other hand, price factors were surprisingly low-scored. It
is especially interesting because in some QOoE studies (e.g. [117,[118])), price is part of experimental manip-
ulation as an important influential factor. This might suggest that in real-life usage scenarios, price might be

less influential than in laboratory experiments.

Furthermore, the working hypothesis stated that the questionnaire would provide statistical differences
for the most dominant factors between use cases. The Table 2.8 provided support for this hypothesis. Scores
in this Table contains Ordered Logistic Regression, adjusted for the pleasantness of memories. First of all,
the reproduction of details in dark scenes was reported as more influential for VOD. This might be the result
of low-light aesthetics, which is frequently used in professionally generated content and which makes the
encoding process more challenging [46]. Services based on this type of content were frequently used by
our participants (see fig. [2.4]and tab. [2.5)). Moreover, Internet stability was significantly more important for
video chat, which is in line with previous studies [[140]. Additionally, duration as a temporal IF had a stronger
impact on video chat, which might be explained by fatigue associated with longer online meetings [49].

Interest in content was found to be most influential in both the VOD and live stream use cases. However,
only the difference between video chat and live stream is statistically significant. Similarly, the role of ap-
preciation of the content was found to be significantly different between the use cases, but again, only when
comparing live stream and video chat. One possible explanation is that the three use cases contribute to dif-
ferent goals (see fig.[2.4). While both live stream and VOD are mostly used for entertainment and relaxation,
VOD additionally could be used for educational purposes, which is the most common goal for video chat
reported in the sample. On top of that, at the time of the study, the European Football Championship took
place, which might also explain the higher importance of the “evoked emotion” and “premiere” factors in

the live stream.

2.4.6 Limitations

Despite having an extensive demographic section in the questionnaire, it was impossible to leverage it fully.

With a larger participant pool, I could have conducted more between-group comparisons. Additionally,
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more data points would have allowed to use the information from the section[2.2.1|to model the influence of
participants’ experience and expectations. A larger sample would also likely provide a more diverse range
of recalled memories. A particular concern was the overrepresentation of Netflix usage in the VoD use case
sample, as seen in table 2.5] Moreover, the majority of the memories recalled were positive, as indicated
in[2.3.5] In a larger study, this could be addressed by instructing half of the participants to recall a positive

memory and the other half a negative one.

Secondly, while the recalling procedure simplifies the task for participants and potentially provides more
precise data, it does introduce some methodological challenges. Some factors, such as the occurrence of ad-
vertisements, might be entirely absent in recalled memories, leading participants to answer "did not occur".
This method inherently measures two separate aspects of the experience within one scale: whether a factor
was present and, if it was, its level of influence. For exploratory purposes, like mean measurements and
comparisons, this is not a major concern. However, methods such as Exploratory Factor Analysis, Confir-
matory Factor Analysis, or Structural Equation Modeling are sensitive to missing data. Furthermore, the
data is not missing at random. The absence of certain factors in recalled memories carries significant infor-
mation. Therefore, I caution against using this method for such analyses, even if the sample size is large.
Nonetheless, surveying users of similar services or applying this method after a subjective experiment could

address this issue.

2.5 Conclusions

One of the key conclusions drawn from the results presented in this chapter is derived from the attitudes
section of the questionnaire. The notable discrepancy between the perceived importance of video quality and
potential user behavior underscores the need for new QoE measurement approaches. Even if participants in
subjective tests recognize and declare differences in quality as important, it doesn’t necessarily imply that
they would alter their consumer behaviors based on quality alone. To face that challenge, in the next section,
I describe a theoretical framework that distinguishes between affective and behavioral outcomes of video
service usage. Having a comparison between users’ declarations and actions would shed more light on that
phenomenon. This insight is also a strong recommendation for future QoE studies to distinguish between
the perceptual, affective, and behavioral layers of QoE, which is the first step to fulfill [Objective Fourjof this
dissertation. I discuss this further in Chapter[6]

Secondly, the assessment of Influential Factors across three different use cases indicates that partici-
pants’ needs vary based on the use case. Notably, the significant role of content in VoD and live stream
experiences stands out both before and after the memory recall procedure. As highlighted in the discussion
section [2.4.5] the role of content is often overlooked, even in established theoretical models of QoE. Fur-
thermore, many QoE studies reduce the importance of content by repeatedly displaying the same videos
during the study. These findings suggest that in real-life scenarios, content can play a crucial role in evoking
delight or annoyance. This implies that content can act as a confounding factor, influencing both compres-
sion and subjective QoE assessments. These insights were also incorporated in the next chapter and in the

recommendation part [6]
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Answers for factors after memory recall for VoD were used to formulate hypotheses and [five] of this
dissertation. Besides technical factors, lots of properties of content itself were reported as most influential.
Among contextual factors, social presence was reported as the highest. With these insights, I covered
of this dissertation and identified the most important Influential Factors. Moreover, the
lone]is backed by the data above. In both cases, with and without the memory recall procedure, the Influential
Factors were measured and taxonomized based on participants’ answers.

The analysis provided in this chapter highlights the potential of the questionnaire and memory recall
procedure as a stand-alone method for gathering diverse and extensive data about Quality of Experience.
Using the memory recall procedure within the questionnaire offers insights into factors influencing QoE
in everyday experiences. Moreover, this method can be applied on a large scale at a relatively low cost
since it doesn’t require conducting subjective experiments. Such a large-scale study would allow for the full
utilization of the method, including the analysis of influential human factors. Furthermore, this kind of study
could help in understanding the market by categorizing users and their consumption behaviors.

Moreover, the questionnaire could complement traditional subjective QoE tests. Firstly, the demographic
and attitudes sections of the questionnaire can facilitate purposive sampling, allowing for an examination
of whether expectations, habits, or attitudes toward quality influence subjective tests. This can be achieved
by screening participants for their consumer behaviors and attitudes before recruitment. Furthermore, the
demographic information gathered can provide a detailed description of the sample, potentially enhancing
the comparability of QoE studies and simplifying the replication process [[104]. Consequently, this unified
tool could address the issue of overlooking human factors in QoE studies [33]].

The part of our questionnaire that measures influential factors can also be used as an add-on to traditional
QoE tests. Most QoE studies primarily focus on technical influential factors, as they are often the indepen-
dent variable. By using select items from the questionnaire, researchers can gain insights into factors outside
of experimental manipulation. This could help in understanding, for example, what participants prioritize
when scoring a video on the ACR scale. Such insights can enhance the conclusions drawn from a study.
Additionally, if influential factors are measured using the same questionnaire, it allows for comparisons
between different QoE studies on new dimensions.

The full Video Quality of Experience Questionnaire, along with the study results, can be found at
https://github.com/TUFIQoE/questionairel Additionally, the GitHub repository includes the
original method, a stand-alone memory recall questionnaire, and its post-experiment version.

In summary, this chapter highlights the effectiveness of the questionnaire in understanding Quality of
Experience, emphasizing the importance of content and the distinction between perceived video quality,
affective response, and user behavior. Using the memory recall procedure and analyzing influential factors,
the questionnaire can be used both independently and alongside traditional QoE tests. The strong argument
in favor of is that the questionnaire provided differentiation between factors in various use
cases. In the future, this approach might be widely adopted, contributing to greater comparability of QoE
studies across the field. With a better understanding of Factors Influencing the perceptual, emotional, and
behavioral part of QoE, new research paradigms and quality metrics can be developed. With this approach,

metrics with greater external validity can be built. I discuss this conclusion more in Chapter|[6]
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Chapter 3

Theoretical Model of Video Quality of

Experience

This chapter is an enriched version of previously published articles; thus, I would like to acknowledge the
contributions of all co-authors.

Parts of the material presented in this chapter were first introduced in my single-authored doctoral
consortium papers [100, [101l], which presented the initial proposal. A subsequent practical application of
the model was showcased at QoMEX 2023 [103)]. The authors contributing to this part are Kamil Koniuch,
Lucjan Janowski, Katrien De Moor, Michat Wierzchon, and Sruti Subramanian. All authors agreed for their
work to be included in the dissertation. Author’s contributions were as follows: KK: conceptualization,
methodology, writing — original draft, review and editing; LJ: funding acquisition, supervision, writing —
review and editing; KDM: supervision, writing — review and editing; MW: supervision, writing — review and
editing; SS: writing — review and editing.

The full theoretical model was later published in Frontiers in Computer Science [|102]]. The authors
contributing to this publication were Kamil Koniuch, Sabina Barakovié, Jasmina Barakovi¢ Husié, Sruti
Subramanian, Katrien De Moor, Lucjan Janowski, and Michat Wierzchon. All authors agreed for their
work to be included in the dissertation. Author’s contributions were as follows: KK: conceptualization,
writing — original draft, writing — review and editing; SB: conceptualization, writing — review and editing;
JH: conceptualization, writing — review and editing; SS: conceptualization, writing — review and editing;
KDM: conceptualization, writing — review and editing; LJ: conceptualization, writing — review and editing;
MW: conceptualization, writing — review and editing. Following the clarification of the legal framework for
doctoral dissertations issued by the Rada Doskonatosci Naukowej [135)], Subsection[3.3.1land[3.3.2)include
direct quotes from [102]].

This research was supported by the Norwegian Financial Mechanism 2014-2021 under project
2019/34/H/ST6/00599, titled ,, Towards Better Understanding of Factors Influencing the QoE by More
Ecologically-Valid Evaluation Standards”.

Moreover, I would like to thank Narciso Garcia, Pablo Pérez, Jesius Gutiérrez, Marta Orduna, and Carlos
Cortés for their valuable insights and constructive feedback provided during the IMG subgroup meeting of
VQEG held in Madrid in 2023, which helped shape and refine the proposed model.
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In this chapter, I address the [second objective| of the dissertation to provide a parsimonious model of

video QoE. I also verify the [second hypothesis| that most important factors from the exploratory part of

the research can be organized in a simple, parsimonious model. To operationalize this hypothesis, I propose
working hypothesis that most important IFs can be describe in form of a Direct Acyclic Graph that explain

causal relations between factors.

3.1 The Role of Theoretical Models

Theoretical models serve multiple purposes in science, such as organizing and structuring complex factors,
guiding experimental design and interpretation, and increasing comparability. They are also efficient tools
for communication between researchers [103]. In the context of implementation research, Nilsen emphasizes
three overarching aims for theoretical approaches: describing and guiding processes, explaining influencing
factors, and evaluating outcomes, thereby clarifying and systematizing otherwise complex phenomena [[139]].

Building on this general role, theoretical models also play a crucial part in statistical inference. Statistical
models act as a bridge between empirical data and theoretical concepts [36]. Theoretical models’ value lies in
providing a framework in which theoretical assumptions can be translated into testable statistical structures,
enabling both interpretation and inference.

Since statistical inference is not only driven by data but also shaped by analytical judgment [36]], the
same dataset can yield different conclusions depending on the statistical model employed. As McElreath
illustrates [128]], varying model specifications may generate misleading or unstable conclusions if not care-

fully considered. Some of the common pitfalls include:

1. Spurious associations: These arise when a predictor appears important only because it is correlated
with an unmeasured confound. Such correlations can create the illusion of causality, leading to false

conclusions about relationships that do not exist in reality.

2. Masked relationships: When two predictors have opposite influences on an outcome but are them-
selves correlated, their effects can cancel one another out. As a result, simple bivariate models may

hide genuine associations that only become visible in a multivariate model.

3. Multicollinearity: When predictors are highly correlated, the model cannot distinguish their separate
effects. This leads to unstable parameter estimates that may even flip signs, creating confusion in

interpretation, even though overall predictions may still perform well.

4. Post-treatment bias: This occurs when controlling for variables that are consequences rather than
causes. By statistically adjusting for such “post-treatment” variables, the model removes part of the

causal pathway and distorts the estimated effects.

5. Overfitting: Adding too many predictors can lead the model to capture random noise rather than a
meaningful signal. While this may improve apparent fit to the training data, it reduces generalizability

and produces misleading conclusions about true underlying relationships.
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Together, these examples illustrate how the choice of statistical model can create, obscure, or distort
relationships in the data, underscoring the importance of careful model construction and interpretation.

Many of these pitfalls arise when statistical models are specified without sufficient theoretical grounding.
A theoretical model that is explicitly structured and easily translated into statistical terms can help avoid
such problems by clarifying causal pathways, identifying confounders, and constraining arbitrary choices in
model specification [34]. Thus, it is advantageous to have a theoretical model that can be easily translated
into a statistical model. Such models constrain the freedom of interpretation, provide structure that enhances
comparability between studies, and facilitate the design of experiments [103]]. As I present in Chapter [I]
many existing QoE theoretical models aim to provide taxonomies or comprehensive descriptions of the
phenomenon. However, there is still a lack of theoretical models that are sufficiently simple and structured
to be directly translated into statistical models. To address this gap, in [[102], together with colleagues, we
proposed a theoretical model based on a Directed Acyclic Graph, designed to facilitate its straightforward

application in future statistical studies.

3.2 Graph-Based Approaches to Modeling

Modern statistical methods allow for representing the assumption of the model in the form of a graph.
Two common approaches are structural equation model (SEM) diagrams and causal directed acyclic graphs
(DAGs). SEM diagrams are both conceptual and statistical tools: they depict hypothesized relationships,
including latent variables, and are then formally tested against observed data. In contrast, causal DAGs are
purely conceptual tools for clarifying causal assumptions, identifying confounders, and guiding analytic
strategies. While visually similar, SEM diagrams focus on modeling associations, whereas DAGs are ex-
plicitly designed for causal inference [106]]. One of the biggest strengths of the DAG approach is that the
authors provide a clear description of when and how to control variables in statistical models [34]). This is
directly relevant to the problems outlined by McElreath [[128]: DAGs explicitly address spurious associa-
tions by revealing confounding paths that must be blocked, and they prevent post-treatment bias by showing
when a variable is a descendant of the treatment and thus inappropriate for adjustment. However, issues such
as multicollinearity and overfitting remain outside the scope of DAGs, as they concern statistical estimation
rather than causal identification. Masked relationships, while sometimes clarified through a causal graph,
are not the primary focus of this approach. Thus, DAGs provide a principled framework for avoiding two of
the most consequential sources of model misspecification—spurious associations and post-treatment bias.
This makes them a particularly useful foundation for structuring QoE IFs research.

A Directed Acyclic Graph (DAG) is constructed by representing variables as nodes and drawing arrows
to denote assumed direct causal influences between them, ensuring that no cycles are formed. Building
such a graph relies on domain knowledge to decide which variables to include and how they are connected,
making the DAG an explicit way of formulating and presenting hypotheses about the underlying causal
structure. Crucially, the absence of an arrow represents a stronger assumption than its presence, since it
states that no direct causal link exists between two variables, whereas an arrow merely hypothesizes the
possibility of such an effect [[142]. In other words, when constructing a graph, arrows should be drawn

between all nodes unless there is a strong reason to assume the absence of a causal link. So in practice,

K. Koniuch  Factors Influencing QoE by Users of Video Service



3. Theoretical Model of Video Quality of Experience 56

the process of formulating such a graph is to try to get rid of as many arrows as possible, by looking for
justification for the lack of a causal link, to make the graph useful and acyclic.

Thus, to be able to build DAG, the number of variables in the model has to be balanced. As I showed
in Chapter [I] current QoE models were not built for that purpose. The trade-off between the complexity
of models and the amount of information they provide is one of the key problems researchers must address
when building a model. A good model predicts as much as possible with as few assumptions and variables as
possible [166,|60] . This property of the model is called parsimony. Only the most important variables must
be determined to achieve parsimony. Parsimony is also directly linked to the overfitting problem mentioned
above [129]]. Probably one of the strongest advocates for simpler models was George Box [21].

Thus, the theoretical model presented in this chapter consists only of the most important Influential Fac-
tors (IFs) obtained in the questionnaire. The idea is to provide a minimal model that describes QoE. This
model can then be extended and verified by adding variables in experiments [[103]]. To enable practical appli-
cation across diverse research scenarios, a theoretical model should be formulated at an abstract level [60].
In other words, it should capture broader mechanisms or phenomena rather than narrowly defined variables,
which makes the model generalizable. Therefore, the described model contains general components, with
operationalization and examples of measurements that allow for adaptation to a specific research scenario.

Below, I present the most important factors influencing VoD QoE from Chapter 2 in the form of a
structural graph using principles from DAG. This part is direct quote from [102].

3.3 Proposed Video QoE Model Based on the Path Diagram

We based our model on the interpretation of the first part of the general definition of QoE: “Quality of
Experience is the degree of delight or annoyance of the user of an application or service.” For this reason,
we did not represent QoE as a separate unit in the Figure [3.1] Instead, we included a “delight or annoyance”
unit as an outcome of the interaction of variables typical for video service experience. In real life, it is hard to
imagine a scenario in which the delight or annoyance of the user is not generated by the video content. This
result is backed by the outcomes from Chapter 2] Depending on internet efficacy, this content-dependent
experience might be moderated by drops in video quality. With this reasoning, we built a path model of
QoE.

Following previous QoE models, we distinguished Influential Factors IFs as predictors of general user
satisfaction. Moreover, we described these variables as latent variables and provided examples of their mea-
surements. Below, I briefly present the operationalization of each variable in our model and their connec-

tions, quoting the paper [[102].

3.3.1 Components Operationalization

QoS

Quality of Service (QoS) is a measure of the overall performance of a network. It is often used to describe the
ability of a network to provide a consistent level of service to its users. ITU-T defines QoS as “The totality

of characteristics of a telecommunications service that bear on its ability to satisfy stated and implied
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QoS > QoMS
Perceived
QoMS
Y
v
Delight
Content > or > Behaviour
Annoyance

Figure 3.1: Theoretical path model for video QoE. Conceptual model links QoS, content, perceived QoMS,

affect, and behaviour.

needs of the user of the service” [153]]. QoS can be expressed in terms of performance indicators such
as throughput, latency, jitter, and packet loss. Special metrics for QoS assessment are constantly being
developed. There are also models describing the influence of QoS on QoE [56} 131} 97]. QoS is a well-
known QoE IF. Particularly, real-world scenarios emphasize the primacy of instantaneous throughput and
latency for multimedia services, where fluctuating network conditions are common [1635]]. These factors

should be prioritized in QoE theoretical models for their pronounced impact on the streaming experience.

Content

Content characteristics are multidimensional. Depending on the research question, different variables might
be taken into account to analyze their influence. Due to its complex character, content can be identified as a
system or a context IF (see[I.I). For example, characteristics such as motion, number of details, brightness,
and computation complexity are well recognized in QoE studies [171, 43| [96]]. They are categorized as
system factors influencing QoE. On the other hand, the content type chosen by the user can be classified as a
context IF and can be used for predicting user satisfaction [8]]. Moreover, influential service providers such
as YouTube have their own metrics for classifying and quantifying content. One of the crucial statistics for
distinguishing videos in the service is “engagement,” operationalized as the mean percentage of watching
time. It can be used for the operationalization of the content such as perceived engagement or interest in the
video. Furthermore, self-description methods can be used for assessment of participant level of interest [[169]]
or motivation [99]. Moreover, there are standardized data sets of visual stimuli that can be used to evaluate

the influence of emotions evoked by content[126],[42], [16]].

Quality of Multimedia Signal

In our model, the quality of the multimedia signal represents the objective properties of visual stimuli. In
the context of video streaming, it is the video displayed on the user’s device. There are many methods
for assessing the quality of video, some of which are objective and some subjective. Thus, we propose a

division into the objective quality of media signal (QoMS) and its perceptual dimensions — the perceived
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QoMS described below. In this approach, QoMS is the IF that represents the quality of reproduction of the
source signal (content). It has properties of the source content that are moderated by the efficacy of the
network and user hardware. It can be assessed with objective metrics e.g. signal-to-noise ratio [62, [61]]. In

current models 152} [151}1160], QoMS is described as the physical representation of the signal.

Perceived Quality of Multimedia Signal

We use the term “perceived QoMS” (PQoMS) to emphasize the role of perception in video QoE studies
where subjective assessments of quality made by users are in the spotlight. Typically, researchers estimate
QoMS with a 5-point Absolute Category Rating (ACR) scale [86]. Additionally, there is a new effort to
build matrices that take into account both QoMS and PQoMS to predict user satisfaction [[120]. In previous

models [151}152]], these descriptions are the outcome of the quality formation process.

Degree of Delight or Annoyance

We assume that the user’s state of delight or annoyance (DoA) is the outcome of both quality and content
properties. According to the general definition, this is, in fact, the measure of QoE. It can be assessed, for
example, with an adapted Differential Emotions Scale [40]. In the natural context, both technical [134] and
content [[109]], related factors may lead to a change in the QoE. This might cause a shift in user behav-
ior [[160].

Behavior

Depending on the scope of the study, behavior might be a short-term reaction to quality-related events [159,
108, 158]], habit evaluation [[158]], or even consumer attitude [[154, [145]] predictors. Generally in the commer-
cial context, pleasure and arousal are good predictors of approach—avoidance behavior [95]. As long-term
behavior toward network providers might be influenced by a set of additional important variables (e.g., pric-
ing), we focus on short-term behavior. In our model, behavior is an outcome of DoA and can be observed

as a change in interaction with service (e.g., change of the video).

3.3.2 Relations Between Variables and Model Assumptions

We described our generalized QoE model in the form of a diagram (see Figure [3.1)). Path model of video
QoE with causal paths between variables. Following the causal path analysis approach, arrows represent
the assumption that variable A may be a direct cause of B. For example, in Figure [3.1, DoA might be
caused by perceived QoMS and content. Additionally, arrow representation does not imply that the process
is simple. Relationships between A and B can be complex, multi-staged, and nonlinear, what we assume is
the direction of the relationship. Moreover, by drawing an arrow from A to B, we do not assume that A is the
only thing that causes B. In fact, this approach assumes that every variable can be influenced by unspecified
factors not represented in a graph. This enables including measurement error and the influence of unknown
factors in the model, as well as adding new variables in future updates of the model. However, if we know

that units in the model have a common cause, this must be expressed in the graph.

K. Koniuch  Factors Influencing QoE by Users of Video Service



3. Theoretical Model of Video Quality of Experience 59

On the other hand, the absence of an arrow represents a stronger assumption, namely, the lack of re-
lationship between variables represented by nodes [[143]]. For example in Figure Path model of video
QoE, the amount of delight or irritation does not change the QoMS; as such, the direction of influence seems
impossible.

In our model, we described the physical representation of the video signal (QoMS) as an outcome of
the interaction between network efficacy (QoS) and Content. We assumed that from the user’s perspective,
there is no relationship between QoS and Content other than QoMS. In other words, if network efficacy
has some influence on video content, it can only be observed via the QoMS. In consequence, QoS cannot
directly influence DoA or behavior. Users must see the change in QoMS to conclude that there are network
efficiency problems. Furthermore, the arrow from QoMS to Perceived QoMS represents human perception.
In fact, this process could be described using quality formation models such as [52} 151} [131]]. Moreover, it
could be influenced by cognitive factors such as visual sensitivity [14]. In addition, we cannot assume that
the perception of quality is not moderated by DoA. That is why the arrow between PQoMS and DoA is
bidirectional.

Most importantly, we assume that in real-life scenarios, DoA is a function of both content and PQoMS.
Users might react differently to the same QoMS depending on the type of content.

Finally, users’ behavior is the consequence of that DoA [[165] [72]]. One can be dissatisfied both due to
the content and the PQoMS. This can result in behavior directed to enhance network efficacy, change of
content, compensation, or abandonment of activity.

The model described above is general. This means that we treat it as a framework that can be specified
for particular use cases and experimental setups. As already mentioned, in such cases, the model can be
extended with additional variables. This procedure requires the operationalization and inclusion of new units
in the graph. For example, if we want to add participant interest to the model, we can place it on the arrow
from content to DoA. In that case, we assume that interest is caused by content but not by other variables.
Moreover, content can only influence the general satisfaction by the level of interest. If one’s hypothesis
is that interest does not always influence the causal path between content and DoA, interest should be
included with an additional path. Another hypothesis might be that the perceived QoMS is influenced by
visual sensitivity. In such a scenario, we must add visual sensitivity as a new unit outside the graph and draw
the line to the perceived QoMS. Other influential factors from the model ([53]]) could be added in a similar

manner.

3.4 Theoretical Implications and Taxonomy

Further discussion is beyond the scope of the [[102] paper. The above-described model can be used not only
for study design and statistical inference but also has strong theoretical implications for the domain. Based
on this path structure, we can propose an operational definition of QoE limited to video services: ,,QoE is the
amount of behaviorally relevant user Delight or Annoyance toward a video service evoked by content and
moderated by the perceived quality of the video.” This definition covers not only units but also the causal

relations. In this form, the definition might be useful for further development of the domain.
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Moreover, this theoretical structure can provide a taxonomy of QoE models and methods in the form of
layers. Table[3.1] presents this approach.

While influencing factors accumulate across layers and continue to shape outcomes, the measurements
and metrics remain distinct for each stage, reflecting the specificity of how QOE is assessed at different
levels. The table, therefore, makes visible both the strong foundations of the field and current frontiers and
needs for development. This clear distinction might help to fill the gap between QoE theory and practice I
was describing in the Introduction Chapter[1.7]

Model Unit Metrics Examples Measurements Examples Influencing Factors
Quality of Service Network-level KPIs [[74] QoS
Quality of Multimedia | PSNR Full reference analysis of signal
Signal
SSIM Full reference analysis of signal | Human Visual System

aligned with HVS

Perceived Quality of Mul- | Metrics trained to align with | Scales like ACR or perceptual studies | Properties of content™®

timedia Signal subjective test (e.g. VMAF) | like IND
AccAnn scale Expectations
Delight or annoyance Emotional measurement e.g., :|Human and Context IFs

Self Assessment Manikins (SAM)
Scales [67]

Short term behavior Engagement measurement [[158] UX properties of service
Long term behavior User satisfaction surveys [4] Economical factors and alternative
availability

Table 3.1: Overview of model units, metrics, measurements, and influencing factors in the form of layers.

*To be verified in the next two chapters.

Moreover, Table[3.1|provides a clear and unambiguous framework for defining the scope of a QoE study.
For instance, when researchers introduce a new quality metric, they can explicitly situate it within the model
and specify that their work addresses the Perceived Quality of Multimedia Signal layer of QoE. Similarly, if a
metric aims to predict emotional responses, researchers can position their model at the Delight or Annoyance
layer. In addition, the table offers explicit guidance on which Influencing Factors should be considered at
each level, helping to align study design with the theoretical structure. Such consistent terminology helps to

prevent ambiguity and may also strengthen bibliographic analyses in the field.

Some of these distinctions have also resonated with ongoing community work. The forthcoming VQEG
White Paper on Quality of Experience-Aware Management for Collaboration Between Network and Appli-
cation Providers [[184]] adopts a layered perspective that partially overlaps with the approach presented here.
While the white paper proposes its own framework, certain elements were informed by discussions in which
I took part as a contributor, reflecting a broader recognition of the value of clearer distinctions within QoE

research.
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3.5 Conclusions

As I showed above, it is possible to represent the outcome of an exploration study in a relatively simple and
parsimonious diagram. Nevertheless, the model presented in Figure 3.1 has one crucial drawback. We can
not exclude the possibility that Percived Quality of Multimedia Signal is influenced by Delight or Annoy-

ance. Thus, the relation between those units remains bidirectional. This loop makes our model cyclic. Due

to that, the working hypothesis for this chapter is not met. Thus, the general [second hypothesis|of this thesis,

that QoE can be conceptualized with a minimalistic model, is only partially supported by this chapter. To
face this problem, the relation between PQoMS and DoA needs to be verified in an experimental manner.
The next two chapters are focused on this problem.

Nevertheless, this chapter highlights an important issue with a multifactor approach to QoE. With each
factor added to the QoE model, it is necessary to consider all causal relations associated with this variable.
As I show above, path diagrams can be a useful tool for both inference and operationalization. This con-
tributes to of this dissertation. The recommendation itself was already presented at QMEX
2023 [103]].
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Chapter 4

Study 2: Influence of Emotionally Evoking
Content on ACR Scores

Parts of the material presented in this chapter are currently being prepared for submission as a research
article, and therefore,  would like to acknowledge the contributions of all co-authors. The authors contribut-
ing to this part are Kamil Koniuch, Lucjan Janowski, Michat Wierzchon, Mikotaj Leszczuk, and Katrien De
Moor. All authors agreed for their work to be included in the dissertation. Author’s contributions were as
follows: KK: Conceptualization, Methodology, Formal analysis, Writing — original draft; LJ: Supervision,
Funding acquisition, Formal analysis, Writing — review and editing; MW: Conceptualization, Formal anal-
ysis, Supervision, Writing — review and editing; ML: Software, Data Investigation, Writing — review; KDM:

Writing — review and editing.

This and the following chapter describe two experiments conducted to fulfill the [Third Objective]of this
dissertation. Both studies are based on the theoretical model introduced in the previous chapter and aim to

verify the Influential Factors identified in Chapter [2] in the context of applicable QoE tests. In this chapter,

I examine whether emotionally evocative content can influence QoE ratings, in line with [Hypothesis Four

The Absolute Category Rating (ACR) scale is used as the primary method for measuring QoE. The
objective is to determine whether factors affecting user satisfaction can alter scores in a standardized QoE
assessment. In other words, the study aims to evaluate whether the outcomes of the Influential Factors

questionnaire have practical implications for everyday QoE practice.

4.1 Introduction

Perception of stimuli is influenced by their emotional evocativeness [25]. Emotionally charged content has
been shown to affect various cognitive processes, including perception [[176]. Consequently, perceived video
quality is also likely modulated by the viewer’s emotional state, making emotion an important factor to
consider in quality assessment studies. As it was stated in the Quality of Experience Advanced Concepts,

Applications and Methods book [162]]: “The most obvious reason for QoE researchers to pay attention
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to the emotional content of the material they are presenting is that it may affect the quality assessment.”.
The authors note that the direction of the effect remains unknown and propose using the emotional stimuli
datasets in future studies. However, I found no image or video QoE studies using controlled emotional

content.

Studies outside the QoE community utilize standardized datasets with measured, controlled emotional
impact and they do this for a similar purpose (e.g.[112, 111} [110,[192,138.1126. 156,194,130} [186l]). The key
method used for the evaluation of emotional influence is using databases with emotionally evoking content
(e.g., images, videos). They are created by gathering a broad scope of stimuli, e.g., pictures that may trigger
a broad scope of emotions. Then, the stimuli are presented to participants who rate different aspects of their
emotional response to the stimuli. Finally, the database is published with both the stimuli and the averaged

emotional response for each stimulus.

In this research, I used one of those databases, namely the Nencki Affective Picture System
(NAPS) [126]. NAPS was created by selecting 1,356 high-quality, realistic photographs categorized into
five content groups: people, faces, animals, objects, and landscapes. These images were rated by 204 par-
ticipants along three emotional dimensions: valence, arousal, and approach—avoidance; using continuous
slider scales. The final database includes both the stimuli and normative emotional ratings, as well as phys-
ical image properties such as luminance and contrast. This database has a wide range of applications from
neuroscience [107]] to sexology [194]. Similar databases were published for other types of stimuli: text [22],
sound [195]], and video [7].

As noticed, the book Quality of Experience: Advanced Concepts, Applications and Methods [162] does
not propose the direction of effect of using such datasets. Moreover, the empirical evidence discussed in
the introduction to this thesis highlights this ambiguity: while some studies suggest that content interest or
desirability can increase perceived quality [89} [105]], others report no significant effect [190]. This incon-
sistency indicates that the influence of emotionally evoking content on QoE cannot be assumed to be either

positive or negative in a straightforward manner.

The [General Hypothesis| for this study, postulates that emotionally evoking content will have a strong

influence on ACR ratings. For the purpose of this study, I derive two working hypotheses. As the above-
mentioned studies and theory do not provide a clear prediction of influence, the first hypothesis is non-
directional: in the model, quality rating will be statistically predicted by approach-avoidance, valence, and
arousal of the stimulus. Two, this effect will, on average, change the Mean Opinion Score at least by 0.3

points.

4.2 Method

Path Model

For the purpose of this study, the model introduced in Chapter [3] was adapted (see Figure @.1I). As I men-
tioned, the theoretical model described above is generalized. Thus, the original framework has to be adjust

by replacing model units from [3.1] with variables that will be tested in this chapter.
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The Content unit is represented by NAPS, the name of the dataset used in this experiment. Instead of
QoS and QoMS, the participants’ devices and the method of quality manipulation are indicated. In this
study, ACR is used as a measure of the Perceived Quality of the Multimedia Signal. The images were
subjected to distortions based on a Hypothetical Reference Circuit (HRC), with seven predefined quality
levels determined using the FovVideoVDP metric [[125]].

The model explicitly represents the variables and their causal relations. The red arrow illustrates the
influence of emotionally evocative content on participants’ emotional state. Since emotions were not di-
rectly measured in this study, the corresponding unit is marked in gray. The relationship between the
FovVideoVDP metric and ACR scores can be inferred from previous work (e.g., [124]). Accordingly, [Hy]
is illustrated as an arrow from Emotions to ACR. Thus, in this experiment, I investigated
whether emotionally evoking content would change ACR scores. Based on [162]], it is not possible to as-
sume the direction of this influence. The minimal effect that should be observed would be an increase in the

variance of the scores depending on the emotions evoked by the content.

PC VideoVDP

ACR

NAPS

Figure 4.1: This causal graph shows the design of the experiment in line with the theoretical framework
presented in the chapter [3] Red text represents variables. Arrows represent the causal influence. The red

arrow depicts emotional manipulation. Gray color represents unobserved variables and influences.

Participants and Sampling

122 participants were recruited through the crowdsourcing platform “Prolific”. The sample size followed the
norms of the ITU Recommendations [85]. Gender balance was emphasized and achieved for a wider demo-
graphic representation. The study adhered to ethical guidelines approved by the university ethics committee
(KE/10_2021).

The participants who provided demographic information had a mean age of 26.4 years (SD = 6.5, range
20-53). Gender distribution among those who disclosed it was nearly equal, with 51% identifying as female
and 49% as male. The majority of respondents who reported their ethnicity identified as White (86%), with
smaller proportions identifying as Mixed (6%), Asian (4%), or Black (4%). More than half of those who
provided data were students (58%), and nearly half reported full-time employment (48%), while others
were unemployed (17%), in part-time jobs (11%), or in other categories. Nationality data revealed that the

largest groups came from Portugal (33%) and Poland (29%), followed by smaller groups from South Africa,
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Italy, Spain, Hungary, Mexico, Greece, and several other countries, reflecting a diverse but Europe-centered

sample.

Design of the Experiment

Participants accessed the experiment using desktop PCs or laptops, evaluating image quality in a standard
browsing environment. As stimuli, images from the “people” category of the Nencki Affective Picture Sys-
tem (NAPS) were used [[126]. This database is a widely recognized resource in affective science, with close
to a thousand citations, and provides high-quality, naturalistic photographs standardized for experimental
use. The “people” category contains pictures of living, injured, or deceased human bodies, as well as iso-
lated body parts, excluding close-up facial expressions. Each image has been normatively rated on three
separate emotional dimensions—valence, arousal, and approach—avoidance—ensuring a controlled and val-
idated selection of stimuli for psychological research. In the authors’ framework, valence reflects the degree
of positivity or negativity, arousal captures the level of excitement or calmness, and approach—avoidance de-
scribes the motivational tendency to engage with or withdraw from the stimulus. The images were processed
using a hypothetical reference circuit (HRC) procedure to introduce controlled distortions. Seven distinct
quality levels (HRC A-G) were created, with gradations determined according to the FovVideoVDP met-

ric [125]], which provides a perceptually validated measure of visual quality differences.

Variables and Measurements

Besides the ACR scale, control questions were integrated into the experiment. This procedure was imple-
mented to enhance the robustness of the data. These questions, based on randomly selected images, asked
participants about the image content. Each was a simple yes-or-no question, e.g., "Did the photo show a

market?" In total, there were 20 such questions.

Procedure

Before beginning the experiment, participants were required to complete a screen quality test. This step was
crucial to ensure that variations in monitor quality did not affect the experiment’s outcomes. The results of
the screen test, including various parameters such as screen brightness and contrast levels, were recorded
and linked to each participant’s data.

The voluntary nature of participation was emphasized, and participants were informed of their right to
withdraw at any time. This ethical consideration was vital, especially given the potentially sensitive nature of
the images used in the study. Before the experiment, participants were warned about the possible emotional
impact of images.

The first five images shown to participants were from the categories ‘animals’ and ‘landscapes’, serving
as an introductory phase to familiarise them with the process. The main part of the study then involved
the presentation of 250 images from the people’ category. After viewing each image, participants provided
their quality ratings, and the experiment was concluded once all images were assessed. This process was

designed to take approximately 30 minutes per participant.
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Figure 4.2: Correlation between participants’ answers.

4.3 Results

4.3.1 Data Cleaning

Initial analyses showed that 86.07 % of the participants completed the experiment. For further analysis,
participants who gave at least 200 votes out of 250 were included. In total, 17 participants did not provide

the required minimum of 200 votes, and their results were discarded in the further analyses.

Furthermore, the general correlation between subjects is high (see Figure [d.2)). ITU-T recommendation
for classical subjective experiments calls for removing testers with a correlation lower than 0.75. In this
experiment, a lower threshold of 0.7 was used, since the experiment is more difficult, due to the emotionally
evoking content. Moreover, there was a difference in the pull of stimuli between participants. Therefore,
a lower correlation was expected. With a threshold of 0.7, only 4 participants were removed. As a result,

further analyses were run on a sample of 101 participants.

Finally, responses to the trapping questions were examined to identify inattentive participants. As pre-
viously noted, 20 such questions were included for this purpose. Prior to the analysis, a threshold of a
maximum of three errors was established, accounting for the possibility that poor image quality could lower
the response accuracy. All participants met this criterion, making no more than three mistakes, and were

therefore retained for further analysis.
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Coefficient  Estimate Std. Error  t value Pr(> |t])
(Intercept)  4.235973  0.160644 26369 < 2 x 10716
hrcB -0.531805  0.043655 -12.182 <2x 10716
hreC -1.150593  0.043612 -26.383 < 2x 10716
hreD -1.716192  0.043655 -39.312 < 2x 10716
hrcE -2.186445  0.043655 -50.084 < 2x 10716
hrcF -2.625516  0.043612 -60.202 < 2x 10716
hrcG -3.063554 0.043612 -70.246 < 2x 10716
av_ap 0.208015 0.028535  7.290 4.69 x 10713
arousal -0.006058  0.019230  -0.315 0.753
valence -0.182118 0.028376  -6.418 1.78 x 10710

Table 4.1: Regression coefficients for the model predicting MOS based on quality levels (HRC) and

approach—avoidance, valence, and arousal values from NAPS.

4.3.2 Cumulative Influence of Emotional Dimensions on ACR Scores

To verify the working hypothesis for this study, a simple regression model was investigated first. The model

was specified in R as:
model_psych_all <- lIm(mos ~ hrc + av_ap + arousal + valence, data = mos_data)

which corresponds to the following linear formulation:

MOS; = By + 51 - HRC; + B9 - AV_AP; + (3 - Arousal; + (34 - Valence; + ¢;, 4.1

where [y is the intercept, 51, B2, B3, 54 are regression coefficients, and ¢; is the error term. In this specifica-
tion, HRC represents quality levels A-G.

Results from this analysis are presented in Table 4.1l While approach—avoidance and valence showed
statistically significant effects, the directions of the effects were opposite. This finding is difficult to inter-
pret because the lowest score on the valence scale indicates unpleasantness, whereas the lowest score on
the avoidance scale indicates that the picture elicits a repulsive response. Therefore, the influence of these
variables on MOS would be expected to align in the same direction. Thus, a simpler model, consisting only
of statistical factors, was tested.

Thus, a simpler model, consisting only of statistical factors, was tested. Thus, a simpler model, consist-
ing only of statistical factors, was tested (equationd.3.2).

The model was specified in R as:
model_psych_ap_av_valence <- lm(mos ~ hrc + av_ap + valence, data = mos_data)

which corresponds to the following linear formulation:

MOS; = By + 1 - HRC; + B3 - AV_AP; + (53 - Valence; + ¢; “4.2)
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where [y is the intercept, 31, 82, 83 are regression coefficients, and ¢; is the error term. In this specifi-
cation, HRC again represents the coding condition and is treated as a categorical factor with quality levels

A-G.

Coefficient Estimate Std. Error  t value Pr(> [t])
(Intercept)  4.18741  0.04518 92.6890 <2 x 10716
hreB -0.53183  0.04364 -12.186 < 2x 10716
hreC -1.15061  0.04360 -26.390 < 2x 10716
hreD -1.71620  0.04364 -39.323 < 2x 10716
hrcE -2.18648  0.04364 -50.098 < 2x 10716
hrcF -2.62554  0.04360 -60.218 < 2x 10716
hreG -3.06357  0.04360 -70.265 < 2x 10716
av_ap 0.20766  0.02850  7.285 4.86 x 10713
valence -0.17873  0.02626  -6.807 1.37 x 10~

Table 4.2: Regression coefficients for simpler model predicting MOS based on quality levels (HRC) and

approach—avoidance and valence values from NAPS.

Table [4.2] shows that this inconsistency in the direction of influence remains even in a simpler model. At
this point, one of the remaining explanations for this effect is multicollinearity [128]]; therefore, the database

was investigated in terms of correlation.

4.3.3 Correlation Analysis of Emotional Dimensions

To exclude the possibility of multicollinearity, emotional dimensions from the NAPS dataset were ex-
amined. Relating to each other was checked. The results show very high correlations: valence and
approach—avoidance are correlated at 0.973, arousal and valence at -0.848, while arousal and ap-
proach—avoidance are correlated at -0.820. These strong relationships raise concerns. From a theoretical
point of view, such high correlations may indicate that the variables are not truly independent and may
measure overlapping aspects of emotional response. From a statistical perspective, including all of them in
the same model could cause multicollinearity, which reduces the reliability of the model estimates and in-
creases the chance of drawing misleading conclusions. This suggests the need to rethink how these variables
are used in both our theoretical framework and statistical modeling. Figure 4.3 presents these correlations.
Thus, the first working hypothesis of this chapter, postulating that in the model quality rating would be
statistically predicted by approach—avoidance, valence, and arousal of the stimulus, cannot be tested by a

single model including all variables. Thus, in the next sections, those variables are analyzed separately.
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Figure 4.3: Correlation analysis for the faces subset of the NAPS database.

4.3.4 Separated Influence of Emotional Dimensions on ACR Scores

For each emotional dimension, a series of linear mixed-effects models was used to test whether emotional
dimension scores predicted subjective quality ratings across different quality conditions (HRC levels). Sepa-
rate models were fitted for each group, with user ID included as a random intercept to account for individual
differences. Additionally, linear trends were visualized, and confidence intervals were computed to assess

the consistency and strength of the effect.

Approach-avoidance

As shown in Table 4.4] and Figure {.5] the results indicate that the influence of approach-avoidance on
ACR scores is limited to the highest quality levels. Significant positive effects were observed only in HRC
groups A, B, and C. In lower quality conditions, the slopes were close to zero and not statistically signifi-
cant, suggesting that emotional response plays a negligible role when technical degradation dominates user
perception.

Moreover, two types of mixed-effects models were compared: a Baseline Model and an Extended Model
that included the approach—avoidance (av_ap) variable. The Baseline Model estimated ACR scores as a
function of the quality level (hrc) with a random intercept for each user, whereas the Extended Model

additionally included the predictor av_ap:
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Approach Avoidance

Figure 4.4: Linear regression lines showing the relationship between approach—avoidance scores and MOS
across HRC groups. Statistically significant positive trends are observed only in the highest quality condi-
tions (A-C).

Table 4.3: Effect of approach—avoidance scores on MOS across HRC levels. Statistically significant slopes

are marked in bold.

HRC | Slope 95% CI p-value Significant
A 0.020 | [0.014,0.026] | 1.62 x 10~ Yes
B 0.010 | [0.001, 0.020] 0.038 Yes
C 0.014 | [0.002, 0.027] 0.026 Yes
D 0.000 | [-0.012, 0.012] 0.997 No
E 0.008 | [-0.002, 0.018] 0.103 No
F -0.004 | [-0.011, 0.004] 0.320 No
G -0.001 | [-0.005, 0.002] 0.487 No
score;; = o + Bi(hrei;) + B2 (av_apl-j) + ug; + €45 4.3)

where ug; ~ N(0,02) represents the random intercept for user j, and &;; ~ N(0, 0?) denotes the residual
error term.

Adding the approach—avoidance variable improved model fit, with the AIC decreasing from 57640.0 to
57628.3, resulting in a AAIC of 11.7 in favor of the extended model. This improvement was statistically
significant, as confirmed by a likelihood ratio test (x?(1)=13.68, p =0.0002). Although the effect of av_ap
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Approach Avoidance

Quality: Slope
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Figure 4.5: Linear regression lines showing the relationship between approach—avoidance scores and MOS

across HRC groups. Statistically significant positive trends are observed only in the highest quality condi-

tions (A-C).

Table 4.4: Effect of approach—avoidance scores on MOS across HRC levels. Statistically significant slopes

are marked in bold.

HRC | Slope 95% CI p-value Significant
A 0.020 | [0.014,0.026] | 1.62 x 10~ Yes
B 0.010 | [0.001, 0.020] 0.038 Yes
C 0.014 | [0.002, 0.027] 0.026 Yes
D 0.000 | [-0.012,0.012] 0.997 No
E 0.008 | [-0.002, 0.018] 0.103 No
F -0.004 | [-0.011, 0.004] 0.320 No
G -0.001 | [-0.005, 0.002] 0.487 No

was statistically robust, its practical impact was modest: the estimated coefficient was 0.00994, meaning that

even across the full range of av_ap (1-10), the predicted increase in ACR scores was less than 0.10 points

on a 5-point scale. This suggests that approach—avoidance tendencies have a real but limited influence on

perceived quality across quality conditions.
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Valence

In Table 4.5 and Figure [4.6] the influence of valence on ACR scores for each HRC is presented. Results

show that valence had a significantly positive effect on HRC A and a negative effect on HRC D, F, and

G. Thus, the influence of valence is inconsistent across HRC levels. Moreover, the slopes are up to -0.020,

which means quite a small effect.

Table 4.5: Effect of valence scores on MOS across HRC levels. Statistically significant slopes are marked in

bold.
HRC | Slope 95% CI p-value Significant
A 0.016 | [0.010,0.021] | 8.36 x 10~ Yes
B 0.000 | [-0.009, 0.009] 0.989 No
C -0.004 | [-0.015, 0.008] 0.540 No
D -0.020 | [-0.031, -0.009] 0.00028 Yes
E -0.004 | [-0.013, 0.005] 0.415 No
F -0.010 | [-0.017, -0.004] 0.00291 Yes
G -0.005 | [-0.008, -0.001] 0.0124 Yes
5
4
g3 —
> —

Valence

Quality: Slope

A:0.016 [0.01, 0.021]

B: 0 [-0.009, 0.009]

C: -0.004 [-0.015, 0.008]
D: -0.02 [-0.031, -0.009]
E: -0.004 [-0.013, 0.005]
F: -0.01 [-0.017, —0.004]
G: -0.005 [-0.008, ~0.001]

Figure 4.6: Linear regression lines showing the relationship between valence scores and MOS across HRC

groups. Statistically significant positive trends are observed only at the highest quality A. Negative effects

can be observed for quality D, F, and G.
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Similarly to approach—avoidance, two mixed-effects models were estimated: the Baseline Model and the

Extended Model that included the valence variable. The Extended Model can be formally expressed as:

score;; = o + Bi(hre;j) + Ba(valence;;) + uoj + €45

where ug; ~ N(0,02) represents the random intercept for user j, and £;; ~ N'(0,02) denotes the
residual error term. In this case, the addition of the valence variable did not improve model fit: the AIC
increased slightly from 57640.0 to 57641.8, yielding a AAIC of —1.8, which indicates a worse fit. The
likelihood ratio test further confirmed that the difference between models was not statistically significant
(x?(1) = 0.2, p = 0.675). The estimated effect of valence was very close to zero (<0.00104), and thus,
even across the full range of valence (1-10), the predicted change in ACR scores would be negligible
and statistically indistinguishable from noise. This suggests that valence had no measurable influence on
perceived video quality in this dataset when estimated for all HRC levels. Valence showed significant effects
in a few individual HRC:s (e.g., A, D, F), but these effects did not generalize when modeled across all quality

levels simultaneously.

Arousal

In Table [4.6| and Figure the relationship between arousal and ACR scores is shown separately for each
HRC. The results indicate a significant positive association for HRC B and D, while a negative effect is
observed for HRC A. This suggests that the impact of valence varies depending on the HRC. Additionally,

the effect sizes are relatively small, with slopes reaching up to -0.033.

Table 4.6: Effect of arousal scores on MOS across HRC levels. Statistically significant slopes are marked in
bold.

HRC | Slope 95% CI p-value Significant
A -0.033 | [-0.042,-0.024] | 5.70 x 10~ 13 Yes
B 0.028 | [0.013, 0.043] 0.00033 Yes
C 0.009 | [-0.011, 0.028] 0.383 No
D 0.022 | [0.004, 0.040] 0.0162 Yes
E -0.003 | [-0.018, 0.013] 0.741 No
F 0.004 | [-0.007,0.016] 0.448 No
G 0.005 | [-0.001,0.011] 0.0854 No

Similarly to before, two types of mixed-effects models were compared: the Baseline Model and the

Extended Model that included the arousal variable. The Extended Model can be expressed as:

score;; = [ + Bi(hre;;) + fa(arousal;;) + uoj + €ij

where ug; ~ N(0,02) represents the random intercept for user j, and £;; ~ N(0,02) denotes the
residual error term. where ug; ~ N(0,02) is the user-specific random intercept and ;; ~ N(0, o?) is the
residual error.

Adding the arousal variable did not improve model fit, with the AIC increasing from 57640.0 to

57641.8, resulting in a AAIC of —1.8 in favor of the baseline model. The improvement was not statistically
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Figure 4.7: Linear regression lines showing the relationship between arousal scores and MOS across HRC
groups. Statistically significant positive trends are observed for quality B and D. A Negative effect was

observed for quality A.

significant, as confirmed by a likelihood ratio test (x2(1) = 0.20, p =0.736). The effect size was negligible:
the fixed-effect estimate for arousal was 0.0014, implying that even across the full range of arousal
(1-10), the predicted change in ACR score would be less than 0.014 points on a 5-point scale. This suggests

that arousal had no practical or statistical impact on the perceived quality ratings.

4.3.5 Qualitative Comments

At the end of the experiment, participants had the option to leave a comment about the study. In total, 26
participants decided to comment on the study. 2 comments were positive: ,,all fine”, and ,,thank you”. 3
participants commented that images were loading too long. One participant commented on the quality and
the understanding of the content, probably in response to trapping questions: ,,Majority of the images had
fair to good quality but you could still make out what the image is depicting even with the poor and bad
images.” The rest 20 comments were very strong and described the content and how images influenced
participants’ emotions. As one participant stated ,,that was so graphic some of the most horrific images I've

seen”.

Among those 20 answers about the content influence on emotion, one participant directly described its

influence on scoring. ,,I noticed something in my evaluation of the materials. If the image showed something
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more disturbing, I would have difficulty to attibute the value good to the quality of the material, because I

would be associating the image with the bad thing. Despite, I did not let that influence my response”.

4.4 Discussion

The working hypothesis one: in the model, quality rating will be statistically predicted by approach-
avoidance, valence, and arousal of the stimulus was tested in series of separate models. As the effect is
inconsistent over quality levels and emotional dimensions, I find this hypothesis as not supported by data.
Moreover, those effects remain below 0.3 change in MOS, thus secound working hypothesis is not supported

by data either.

Overall, the results are against the [Hypothesis Fourl which claims that emotionally evoking content will

have an influence on ACR scores. While there are some statistically significant results for single HRC levels
and for approach—avoidance, they are inconsistent across emotional dimensions and relatively small. Based
on the modeling approach—avoidance, and arousal on single HRC levels, one may argue that the effect of
emotions is significant for the highest qualities. But the same effect is not observed for valence. Moreover,
for arousal, the direction of change is different between HRC A and HRC B. Thus, there is no consistent
effect that could be backed by this data.

What is more, adding psychological variables only improved the model for approach—avoidance. This
fact might be explained by arguing that this emotional dimension is the closest to actual human behaviour.
Nevertheless, the overall effects of approach avoidance are lower than expected; see 4.5 In the NAPS
dataset, the images with the lowest and highest approach avoidance are drastically different. To generate
high avoidance, strong images that contain dead bodies, surgical operations, traffic accidents, and violence
are used. The high approach is guaranteed by the application of smiling faces and landscapes. These results
show that changing gore pictures to smiling faces will provide up to 0.2 MOS shifts, only for the best qual-
ity. Moreover, when all qualities are counted in one model, the estimated coefficient was 0.00994, meaning
that even across the full range of avoidance (1-10), the predicted increase in ACR scores was less than 0.10
points on a 5-point scale.

One may argue that those small effects are still important. But it is worth mentioning that such variability
in emotional evocativeness is rarely present in QoE studies. Therefore, the stimuli used in this study differ
substantially from those typically employed in the development and validation of quality metrics. Despite
this, a model based solely on HRC levels mapped by FovVideoVDP was able to predict 81.6% of the
variance in subjective scores collected by crowd-sourcing. This result highlights the robustness of modern
quality metrics, demonstrating their ability to predict perceptual quality even under emotionally variable and
non-standard content conditions.

The lack of effect might be caused by the mechanism described by one of the participants in the comment
at the end of the experiment. Although there is a tendency to rate negatively associated content with lower
scores, participants were able to overcome this in the final rating. This shows that rating quality is an easy
task for participants. They can make good quality assessments even when constantly exposed to emotional
manipulation. This result is against the common consensus that participants in QoE studies are prone to be

biased by emotions [[162]].
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Moreover, this outcome is also contradictory to the questionnaire results described in Chapter 2] This
result may be due to the fact that, in the questionnaire, participants were asked what influenced their satis-
faction, whereas ACR scale scores appear to be robust against variations in emotional state. What is more,
participants in the questionnaire study recalled memories where they did not have a specific task in mind
to rate the quality, and they watched a video in a natural context. To face one of these limitations, in the
next chapter, I present a study where the context was designed to be as close as possible to everyday video
service usage.

Further conclusions and recommendations for future studies are described in chapter 6] backed by result

from the next chapter.

4.4.1 Limitations

In the discussed experiment, the crowd-sourced task was not completed by 17 participants (13,93% of the
total sample). Although a significant sample of participants was retained for the presented analysis, there
remains a risk that too much information may have been lost due to dropout.

In the study [53]], the authors compared different crowd-source platforms. In their experiments % of
dropouts in Prolific was within the range between 2.5% and 5. 5%. Both experiments carried out by the
authors were shorter than the experiment in this chapter. On the other hand, in a more recent study [187],
the dropout of prolific users reached 26%. These big differences lead to the conclusion that dropout on the
Prolific platform might be caused by the type of task. Unfortunately, most QoE studies using the Prolific
platform are not providing information about dropout % [10, 45} 198 165} [138} 9} 122} 177, [191]]. I found
only one study where one out of 40 participants was ruled out due to incompleteness [45]]. However, it was
not a typical ACR QOoE study, and the total duration of the experiment is not clearly stated.

Thus, it is impossible to exclude the possibility that some participants resign from the study due to
the drastic nature of some pictures in the NAPS database. This effect might potentially skew our results.
However, overall data quality was high, since only four participants were removed due to low correlation
with others (below the 0.7 threshold), and all remaining participants were positively verified by the trapping
questions, making no more than three mistakes. This suggests that most subjects provided reliable and
attentive responses throughout the experiment.

This experiment was conducted in conditions with relatively low mundane realism. Participants were
rating 250 pictures from the NAPS dataset on the ACR scale. While providing control on IFs, this design
is very far from real-world applications of video QoE metrics. In realistic scenarios, users are watching
professionally produced movies or TV series on available services. As this difference might potentially

limit external validity, in the next chapter I will present an experiment with greater mundane realism.
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Chapter 5
Study 3: Social Influence on ACR Scores

Parts of the material presented in this chapter are currently being prepared for submission as a research
article, and therefore, 1 would like to acknowledge the contributions of all co-authors. The authors con-
tributing to this part are Kamil Koniuch, Lucjan Janowski, Katrien De Moor, Michat Wierzchon, Mikotaj
Leszczuk, Rafat Figlus, and Mateusz Zduriski. All authors agreed for their work to be included in the dis-
sertation. Author’s contributions were as follows: KK: Conceptualization, Methodology, Formal analysis,
Writing — original draft, Investigation; LJ: Supervision, Funding acquisition, Formal analysis, Writing —
review and editing; KDM: Writing — review and editing; MW: Supervision, Writing — review and editing;

ML: Writing — review and editing; RF: Software; MZ: Investigation.

This chapter continues to fulfill the of this dissertation. In this case, the influence of

social presence is investigated following [Hypothesis Five] This hypothesis claims that ACR scores will be

influenced by social presence. In this chapter, social presence is manipulated by comparing scores between
conditions, watching alone and with a second participant. Thus, the working hypothesis for this chapter is
that the relation between VMAF and MOS will be statistically significantly different between conditions
alone and together.

As before, the theoretical model presented in Chapter [3] serves as the tool for conceptualizing the ex-
periment. In the previous chapter, the absence of a clear effect may be attributed to the use of a strictly
controlled experimental design; therefore, the present study adopts a more naturalistic setup that mimics

everyday video usage. The ACR scale is employed once again to provide comparability.

5.1 Introduction

The presence of other people might be an important QoE Influential Factor [53]]. In psychology, the process
of assigning cognitive focus in social settings is called social attention. In their review article [173l], the
authors explored how social attention influences perceptions, experiences, and behaviors in the presence of
others. They argue that being observed increases arousal, self-awareness, and concern for reputation, which

can lead to improved performance on simple tasks and more desirable social behavior. Even subtle cues of
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being watched, such as images of the eyes, can unconsciously trigger behavioral changes. Moreover, social
attention can alter subjective experiences by intensifying emotions and perceptions through mechanisms of
shared reality [[173]. These findings highlight the deep cognitive and motivational impact of social presence
on the user experience. This influence extends to the realm of media consumption, where the presence
of others can alter the way video content is perceived, potentially affecting viewers’ assessment of video
quality.

In a 2015 QoE study [201], researchers explored the impact of the presence of others on various aspects
of QoE, such as enjoyment, satisfaction, and perceived video quality. The research revealed that watching
videos in a group can improve enjoyment and satisfaction, suggesting a significant social influence on the
overall viewing experience. However, the study does not find a substantial impact of social context on the
perceived technical quality of the video. What is important is the fact that perceived quality was measured
with the ACR scale. However, this study has some limitations. Above all, it provides only manipulation of
quality on two-bit rate levels: high (2000 kbps) and low (600 kbps). Moreover, it used multiple QoE-related
questions, which might have biased the participants’ answers. In the experiment described in this chapter, I
tried to face those limitations. The goal was to determine whether these results were caused by insufficient

quality manipulation or if ACR is indeed robust against social influence.

5.2 Method

5.2.1 Path Model

For the purpose of this study, the model introduced in Chapter 3| was adapted (see Figure[5.1)). The Content
unit is represented by Netflix, indicating the streaming platform utilized in this experiment. Instead of QoS
and QoMS, participants’ viewing device (TV) and the method of quality assessment (VMAF metric [120])
are explicitly represented. As before, the Absolute Category Rating (ACR) scale is utilized to measure the
Perceived Quality of the Multimedia Signal. Additionally, Social Presence is included to illustrate the exper-
iment’s social viewing context. This unit is operationalized as two conditions in the experiment: watching
alone and watching together.

The adapted model explicitly depicts the variables and their causal relations. The green arrow illustrates

the experimental manipulation. [Hypothesis Five|is represented as an arrow from Social Presence to ACR,

examining whether social presence modifies perceived multimedia quality measured on the ACR scale. As
participants could watch any TV series from Netflix’s portfolio, the influence of content on the emotional
state of participants cannot be excluded. This influence is represented by the black arrow at the bottom of the
graph. Since emotions were not directly measured, the corresponding unit is marked in gray. Moreover, the

relationship between the VMAF metric and ACR scores can be inferred from previous research (e.g., [120]).

Participants and Sampling

In this study, 24 couples (48 individuals in total) were recruited through Facebook advertisements. Partici-
pants were asked to take part together with an already known partner (e.g., a friend or a relative), with the

aim of enhancing mundane realism [17]. The mean age of participants was 23.3 years (SD = 6.4, range
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Figure 5.1: This causal graph shows the design of the experiment in line with the theoretical framework pre-
sented in chapter [3] Green text and arrows represent variables and manipulations specific to WWE. Arrows

represent causal influences. Gray boxes and arrows indicate unobserved variables and latent paths.

18-55). Gender distribution was relatively balanced among those who disclosed it, with 54% identifying as

female and 40% as male, while 6% preferred not to report their gender.

Design of the Experiment

During this experiment, participants watched full episodes of TV series available on Netflix, which they
chose themselves. The experiment took place in a lab setup, but one that was furnished to feel like a real
living room. A sofa was placed in front of a TV on a stand. The sofa was firm, so using a mouse on it was
easy, and there was also a small table available for the mouse. The lights were dim, but the lighting was still
good enough to see clearly, which matches the BT.500 lab standards [83]]. Gray curtains were used around
the room. Subjects could adjust the TV volume but not the TV brightness. The viewing distance from the

TV was the standard 3H. The setup of the experiment is presented in Figure[5.2]

Figure 5.2: Laboratory viewing room.

The self-selected Netflix series was played using a Chrome extension [[66] that performed the following

functions:

1. Change the bitrate according to a preset script, covering all available bitrates.
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2. It paused the movie every 2.5 minutes to ask the viewer to rate the video quality.

3. It saved a VMAF score every second.

Variables and Measurements

During episode playback, every 2.5 minutes, with a few seconds of jitter, the movie was automatically
paused, and a pop-up appeared with the standard 5-point Absolute Category Rating (ACR) scale. The subject
could no longer see the paused movie, only the question, “Please rate the quality,” along with a scale from
“Excellent” at the top to “Bad” at the bottom. Both the question and the scale were written in Polish. After
selecting an answer, the movie was automatically resumed.

Because the Chrome extension relied on the standard compression options produced by Netflix, the
available bitrates differed among the chosen series. For example, the worst quality could be VMAF = 60 for

one series and VMAF = 30 for another.

Procedure

Before the experiment, the participants watched the recorded standardized instructions. Each couple could
choose a TV series from the Netflix portfolio. The requirement was to choose a series in which each episode
lasted between 40 and 70 minutes. There were two conditions in this experiment: alone and together. In
each condition, the participants watched one episode of the same series. The order of the conditions was
randomly assigned between couples. Thus, half of the couples begin with the alone condition and half with

the together condition.

5.3 Results

For each subjective rating, the VMAF values were aggregated in the playback segment prior to the response.
This window spanned from the video start or previous rating to the timestamp marking the start of the current
rating. The resulting mean VMAF per segment reflects the quality experienced during the actual viewing

leading up to each score.

Data Cleaning

As limited scale usage may indicate noncompliance or a lack of understanding of the task, participants
who used fewer than three distinct values on the ACR scale were marked as outliers in the study. For each
participant, the distribution of scores across sessions was computed and visualized separately for the "alone"
and "together" conditions.

Figure [5.3] shows the percentage of ACR scores used by each participant in both conditions. Although
most of the participants used a wide range of scales, some showed restricted response patterns. Following
standard practice, subjects 100, 119, and 222 were marked as outliers due to limited scale usage.

To account for the fact that participants in the "together" condition were exposed to a different TV

series than those in the "alone" condition, there is a need for a comparison of both the objective video

K. Koniuch  Factors Influencing QoE by Users of Video Service



5. Study 3: Social Influence on ACR Scores 83

alone
COTdHdANANMNMMOMITITOOOLOONMNODOIDDOOAANNMMNMTEITIOONDOONMNNONOWMOOOOOOAANNMM
OO0 O0OO0OO0O0OO0OO0OO0OO0O0O0CO0O0O0O00O0OO0O A A A A A A A A A A AAAAANNNNNNNN
HANANANANANAN AN AN AN AN AN AN AN AN AN AN AN AN AN—ANAN—ANANAN
«»n 100 L ] ]
8 | ] | L Il B ll | i | BEREER  score
3
g m:
5 2
%50
g 3
1<
5 m-
o
P T Inkiils B
)
o 100 - -— —
3
g m
—
)
%50
g 3
I
o 25 4
o
P l.l l s
g . — —
— N (32}
C\I N N o

mmmmmmmmmmmmmmmmmmmmm

3

™

3

together

Figure 5.3: Distribution of ACR scores for each participant in the "alone" (top) and "together" (bottom)
conditions. Each bar represents a single subject, with color-coded segments indicating the proportion of
ratings from 1 (red) to 5 (blue). Participant IDs reflect individual or paired sessions. IDs below 300 indicate
individual participants, while IDs 300 and above correspond to subjects from paired sessions. E.g., pair 300
is 100 and 200 individuals together. Participants 100, 119, and 222 were flagged as outliers due to limited

use of the rating scale.

quality (VMAF) and the subjective ratings (MOS) across conditions. As shown in Figure[5.4] the distribution
of VMAF scores is generally similar under all conditions, although slight changes are visible. Figure [5.3]
shows that subjective scores also followed comparable trends, with minor differences in scores proportions,

suggesting that the difference in content did not drastically alter perceived quality.

The Influence of Social Presence on ACR Scores

Figure [5.6] illustrates the distribution of VMAF scores across subjective MOS levels, separately for the
"alone" and "together" conditions. Each pair of violins corresponds to a specific MOS rating (1 to 5), al-
lowing a comparison of objective video quality (VMAF) associated with each subjective score in different
social viewing contexts.

Figure[5.7]shows the relationship between objective video quality (VMAF) and subjective mean opinion
score (MOS) under the two viewing conditions ("alone" and "together"). Each point represents a group
average, with the color intensity indicating the sample size. In both conditions, a strong positive correlation
is observed between VMAF and MOS (alone: r = 0.94; together: r = 0.93), indicating that the perceived
quality of the participants aligns well with objective metrics (in this case, VMAF). Linearity tests (Harvtest

p = 0.7) confirm the robustness of this linear relationship.
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Figure 5.4: Histogram of VMAF scores by session type.
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Figure 5.5: Histogram of MOS ratings by session type.
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To complement the visual analysis, several statistical models were estimated. A linear regression using
aggregated data showed that the mean VMAF strongly predicts subjective quality (MOS), which is approxi-
mately 88% of the variance (5 ~ 0.05 per VMAF unit, p < 0.001). Including the social condition (alone vs.
together) did not significantly improve the model (AR? = 0, p &~ 0.91), indicating that the relationship be-
tween objective (VMAF) and subjective (MOS) quality is consistent between viewing conditions. Logistic
regression analysis further confirmed that the viewing condition could not be reliably predicted from VMAF

or MOS scores, reinforcing the finding that the VMAF-MOS relationship holds regardless of social context.

5.4 Discussion

During the initial screening, 3 individual participants were marked as outliers. As Figure [5.3| presents, par-
ticipants 100, 119, and 222 used fewer than 3 scores on the ACR scale. These same participants, when paired
(pairs 300, 319, and 322), used the full scale. It is important to note that the order of the conditions alone and
together was randomized. Half of the participants began with the together condition, and half with the alone
condition. All excluded participants started with the condition alone. This is important because, in addition
to the instruction at the beginning of the experiment, the participants did not receive specific training. This
data suggests that scoring quality with the second person might be easier, especially at the beginning of the
experiment.

Figure [5.4] presents the distribution of VMAF between conditions. This histogram shows that our ma-
nipulation was correct and that our software provided a normal distribution of objective quality between TV

series. Thus, exposure to quality was comparable between cases. Figure [5.5] shows that this manipulation
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Figure 5.6: Distribution of VMAF scores by Mean Opinion Score (MOS) levels and condition. Each pair
of violins corresponds to a subjective MOS level (1-5) in the "alone" and "together" viewing conditions.

Higher MOS ratings are associated with higher VMAF scores, consistently across both conditions.
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VMAF vs MOS Across Conditions
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Figure 5.7: Relationship between objective video quality (VMAF) and subjective Mean Opinion Score
(MOS) across the “alone” and “together” conditions. VMAF values were binned by rounding to the nearest
integer, and the corresponding MOS was computed as the average score within each bin. Only bins with
more than two responses were included. Strong linear correlations were observed in both conditions (Alone:

r = 0.94, Together: » = 0.93).

provided comparable results between cases. In fact, we can see that the differences between conditions are
very small.

Figure [5.6] allows for better comparison between conditions. Surprisingly, on this graph, there are no
significant changes in voting patterns between conditions. This observation is supported by linear models,
which did not show a statistically significant influence of social presence on ACR scores. The dominant
factor, which explains 88% of the variance in both cases, is VMAF. Figure [5.7] shows an extremely strong
correlation between VMAF and MOS under both conditions.

This result is especially important because it shows a strong external validity of VMAF, at least for
scores gathered with the ACR scale. In the experiment, participants were watching a full episode of a series
on Netflix, under two social conditions, scoring the quality in 2.5-minute intervals. These conditions are
different from the data that were used for the development and evaluation of VMAF. However, VMAF
predicted 88% of the variance in our dataset and reached 93-94% of correlation with MOS. This shows how

robust modern metrics and the ACR scale are against external factors.

Similarly, to study from the previous chapter, [Hypothesis Five|is not backed by the data. Working hy-

pothesis assumed that the relation between VMAF and MOS will be statistically significantly different
between conditions alone and together. This effect was not only not present in model comparison, but also
Figures[5.6|and [5.7]present no change in the distribution of scores between conditions. Compared to the pre-
vious study, mundane realism was increased, and this explanation of null results can be ruled out. It seems
that even if factors are reported as influential in everyday experience, the usage of the ACR scale together

with quality manipulation can hide this effect. This conclusion can be drawn, thanks to the usage of the
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same theoretical model to conceptualize comparable experiments, with diverse levels of variable control.

This inside has several consequences that I will further describe in the next chapter.
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Chapter 6

General Discussion

6.1 Objectives and Hypotheses

Identify the most important Influential Factors for QoE using the memory recall procedure.
This objective was fulfilled by running 3 separate studies on a total sample of 140 participants described in
chapter [2] As a memory recall procedure, improved participants’ understanding of questions and leveraged
the Cronbach’s alpha scores, I would argue that the most important scores can be found after the memory re-
call procedure. In the figure[2.T1] the most important Influential Factors can be found aligned with statistical
tests. The method provided clear distinctions between IFs depending on the type of service. Due to that, I
found [Hypothesis One} the influential Factors can be measured and taxonomized by a memory recall-based
questionnaire is supported.

Design a parsimonious QoE model based on a minimal number of assumptions. This

objective was achieved with the work described in Chapter 3] This model was built on insights provided by

the memory recall questionnaire. It is also a strong argument for [Hypothesis Twof main Influential Factors

can be combined in a simple model explaining their relationship. Further, Chapters @] and [5|showed that the
arrow from Delight or Annoyance to Perceived Quality of Multimedia Signal can be ruled out. Thanks to

this result, the model no longer contains a loop, which makes it easier to use for causal inference. This is

another argument in favor of [Hypothesis Twol

[Objective Three; Design a series of original studies based on one theoretical model for the evaluation

of Influential Factors. This objective was met by studies described in Chapters [ and [5] Both studies can
provide more general conclusions thanks to the comparability leveraged by the application of the model

described in chapter (3| As those studies provide strong arguments for the robustness of the ACR scale

on both Influential Factors, this can support |Hypothesis Three} The proposed model can help in planning

comparable experiments targeting Influential Factors one by one.

[Hypothesis Fourf Content has a strong influence on QoE ratings, and [Hypothesis Five| Social presence

has an influence on QOE ratings are not supported by the data from ACR-based experiments.

Provide recommendations for future QoE studies. Based on the findings described in

this work, strong recommendations can be provided for future studies. Below in highlight them in Section

[6.3] Thanks to that, I[Objective Four]is met.
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6.2 Main Findings and Contributions

6.2.1 Factors Influencing QoE Measured With Memory Recall-Based Questionnaire

One important outcome of the questionnaire study is the distinction between cognitive, affective, and behav-
ioral components of attitudes toward video quality. The cognitive dimension was expressed in how strongly
participants valued quality, with 81.8% rating it as “quite a bit” or “extremely.” The affective dimension
appeared in irritation with stalling or low resolution, showing that delight or annoyance emerges as a direct
reaction to quality problems. The behavioral dimension was more complex. Short-term actions such as re-
freshing the browser or restarting the connection were common, while only 28% of participants declared
they would pay more for better quality. This indicates that behavior includes both immediate problem-
solving and long-term commitments, but these are not equally probable and may depend on external factors
such as economic conditions.

This differentiation observed in the questionnaire is directly reflected in the structure of the model pro-
posed in Chapter [3| By treating perceived quality, affective responses, and user behavior as distinct but
related units, the model incorporates the complexity of attitudes revealed in the study. This contributes to
a clearer understanding of what QoE metrics and scales measure, showing that they address specific yet
interconnected dimensions of the experience.

The comparison of mean scores after memory recall shows clear differences between use cases in terms
of the most influential factors. For video chat, the most important elements were technical: fluency, synchro-
nization, internet stability, and artifacts, which all directly determine the smoothness of communication. In
contrast, VoD and live streaming placed strong emphasis not only on technical parameters such as resolution
or synchronization but also on the value of the content itself. Interest, appreciation, and emotions evoked by
the content consistently ranked among the top factors, with live streaming further influenced by event-related
aspects such as premieres. The table also highlights how some technical details, like dark scene reproduc-
tion, were more relevant for VoD, reflecting the aesthetics of professional content, while temporal aspects
such as duration played a stronger role in video chat, likely due to fatigue in longer sessions. Importantly,
price and advertisements were consistently rated as low in influence, suggesting that in natural usage sce-
narios, these aspects matter less than often assumed in controlled experiments. Overall, these findings point
to a clear division: video chat quality is mainly driven by technical reliability, while VoD and live streaming
quality depend on both technical performance and the richness of the content.

The importance of content-related factors was included in the path model described in Chapter |3} In the
model, content is represented as a confounding factor that can influence both the quality of the multimedia
signal (QoMS) and the user’s level of delight or annoyance. In practice, this means that the same technical
quality may evoke different emotional responses depending on the type of content and the level of apprecia-
tion. By placing content alongside QoS, QoMS, and PQoMS, the model reflects the finding that satisfaction
in VoD and live streaming cannot be explained by technical parameters alone. This is an important insight,
as many existing QoE models (e.g., [52] [151, 131} [163} [154} |53} 144]) reduce the role of content in favor of
technical aspects. By explicitly integrating content, the model shows both how technical characteristics of

the material shape perceived quality and how emotional reactions to content alter delight or annoyance.
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Another important finding concerns the role of the recall procedure. Results showed that recalling a spe-
cific experience made the task easier for participants, as they provided more precise answers and used fewer
“I don’t understand” responses after recall. However, the balance between positive and negative memories
varied strongly across use cases, with the majority of VoD and live stream users recalling pleasant expe-
riences, while video chat produced more negative ones. For future studies, this means that the recall task
should be designed with a clear instruction to focus either on positive or negative experiences, depending on
the research goals. Researchers may also decide to control the distribution of recalled memories by pushing
for a balanced sample (e.g., 50/50 positive to negative) or by deliberately focusing only on negative expe-
riences if the aim is to study dissatisfaction. This adjustment would make the method more systematic and

ensure that the data collected directly corresponds to the intended scope of the study.

Taken together, these results lead to an important contribution of the dissertation: the development
and validation of a memory recall-based questionnaire for QoE studies. The tool is freely available at
https://github.com/TUFIQoE/questionaire, making it accessible for reuse in both academic
and applied contexts. Three versions were developed, each tailored to a different use case: VoD, live stream-

ing, and video chat, making it possible to compare user experiences across services.

The questionnaire is both cheap and scalable, which makes it suitable not only for stand-alone research
but also as a flexible extension to other methods. It can be used to pre-select participants for an experiment
or to add context-related questions at the end of a QoE test. Importantly, the tool captures not just attitudes
toward quality and influential factors but also contextual factors, such as internet satisfaction, usage goals,
and social or physical context. By combining these perspectives, it contributes a versatile and open-source

method to the QoE field. This is a direct answer to the problem of overlooking factors in QoE studies [33]].

6.2.2 Video QoE Theoretical Model

The proposed path model offers a structured way to represent Quality of Experience. Organizing Influential
Factors in a directed graph provides a comparable framework that can be directly applied in study design
and statistical modeling. Importantly, the model distinguishes between three layers of QoE: the cognitive
level, represented by perceived multimedia quality, the affective level, expressed as delight or annoyance,
and the behavioral level, reflected in user actions. This separation clarifies the scope of metrics and scales
and allows researchers to design studies that address specific parts of the user experience. The model was
already showcased at QoMEX 2023 as a tool for increasing comparability between studies and supporting
the design of QoE experiments [[103]]. Building on this structure, I also proposed a new definition of video
QoE: ,, Quality of Experience is the amount of behaviorally relevant user Delight or Annoyance toward a
video service evoked by content and moderated by the perceived quality of the video”. With this addition, the
model not only integrates existing approaches but also extends them, explicitly linking quality judgments,
emotions, and actions. As such, the path model constitutes a theoretical advancement for the domain, pro-
viding both a parsimonious framework for research and a foundation for refining the conceptual definition
of QoE.
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6.2.3 Lack of influence of emotionally evoking content and social presence

Figure [6.1] describes the causal model consisting of Hypothesis and along with the experimental
manipulation. With emotional evocation of content and social presence, I tried to change the emotional
state of the participants. Then, investigate whether the change in emotional state can influence ACR scores.
None of those manipulations influenced ACR scores. These results showed that the arrow from emotions to
ACR can be neglected. These are surprising results that show that when people score quality with the ACR
scale, neither content nor social presence influences scores in a significant way. This makes the proposed
theoretical model simpler and acyclic. As Figure[6.2]shows, with differentiation on Perceived QoMS, delight
or annoyance, and behaviour, it is possible to capture Quality of Experience in the form of a direct action
graph (DAG).

PC VideoVDP
TV > VMAF
A Y
ACR x| ppo&al,
NAPS > Emotions
Netflix

Figure 6.1: This causal graph shows the design of both experiments from chapter |2 and |5| within one the-
oretical framework. Red text represents variables from the experiment using emotionally evoking content.
Green text represents variables from the experiment with social presence manipulation. Arrows represent
the causal influence. The red arrow depicts manipulation in the study from chapter ] and the green arrow
depicts manipulation in the study described in chapter 5] Color gray to represent unobserved variables and

influences. The red cross marks the lack of influence found in studies.

As those results are contradictory to previously proposed theories, hypotheses drawn from the memory
recall questionnaire, and the initial intuition of the entire TUFIQoE project team, some strong claims can be

proposed. Below, I present 4 claims that can be inferred from the results.

ACR is highly effective in measuring the perceived quality of multimedia signals.

When participants use the ACR scale to score the quality of the image or video, they can distinguish the
quality of the multimedia signal from other factors. The quality distribution provided in QoE studies makes
this task easy and the objective of the experiment evident. Thus, highly controlled experiments might be

overkill.
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QoS > QoMS
\

Perceived

QoMS

y
Delight
Content > or > Behaviour

Annoyance

Figure 6.2: Path model, updated after empirical studies. As studies showed no effect on emotional state on

the ACR scale path from perceived QoMS to Delight or Annoyance is one-directional.

In addition, both metrics that were used for our studies performed better than expected. Those metrics
were tested in a less controlled environment than where they were developed and evaluated before. In ad-
dition, new variables that change the emotional state of the participants were implemented. Despite these
methodological changes, the included metrics still predict participants’ scores, which is equally efficient as

typical evaluation studies.

ACR is limited to measures of technical Influential Factors.

Although the above-mentioned robustness of the ACR scale might be advantageous for typical QoE studies,
it comes with a price. Based on the lack of influence of social presence and extreme content, ACR might not

be a good measure for QoE Influential Factors studies, especially when compared to questionnaire results.

Need for greater clarity in what studies measure

The above effect shows that ACR is not equal to QoE according to its definition. Quality of Experience is
defined as the level of delight or annoyance, which refers to the emotional state of the user. Both of ma-
nipulations aimed to change the emotional state, yet it has no influence on the ACR scale. Thus, ACR is an
assessment of perceived multimedia quality only, which is just one component of QoE. This distinction is
crucial, as most QoE studies actually measure only perceived multimedia quality, not the level of satisfac-
tion. For future development of the domain, it is important to distinguish the perceptual level of QoE from

the emotional and behavioral levels.

External validity of future QoE studies

The limitation of the ACR scale test is related to the limitation of quality metrics based on scores provided by
this scale. To enhance the external validity of QoE studies and predict more than just perceived quality, new

experimental protocols are necessary. If new QoE studies incorporate emotional and behavioral information,
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metrics predicting actual delight or annoyance, and users’ behavior, may be developed. This would be a step

forward to improve the external validity of QoE metrics.

6.3 Recommendations

In light of these findings, several methodological directions for future QoE research can be proposed.

Robust ACR usage

Firstly, employ the Absolute Category Rating (ACR) scale in subjective studies that focus on perception or
technical aspects of video quality. Its robustness against unrelated factors makes it a reliable tool in such

contexts.

Alternative methods for broader factors

Secondly, if the scope of the study is broader than technical factors only, such as emotional or behavioral
elements, seek alternatives to ACR due to its limited applicability in these areas. The questionnaire from
chapter 2]can be one of the candidates. This questionnaire was also adjusted to be used after the experiment,

and all its variations can be found at https://github.com/TUFIQoE/questionaire.

Represent variables on path diagrams

For a clear description of the scope of the study, the use of causal models can be beneficial as presented
in chapter [3] Such models provide a clear description of the variables and manipulations in the study. They

may also lead to better applicability and comparability of QoE studies [[103]].

Employment of modern metrics

Thirdly, if the main interest of study goes beyond technical factors, adopt advanced metrics such as VMAF or
FovVideoVDP as predictive tools instead of asking about quality. These metrics are effective in estimating
how participants would rate video quality in classic QoE experiments, serving as an alternative to direct

quality inquiries.

Behavioral and emotional assessments

Fourthly, in future QoE studies, prioritize the integration of behavioral and emotional measurements. This
should lead to the development of metrics capable of predicting a broader spectrum of user responses,

including emotional reactions and behaviors, thus transcending the limits of mere perceptual assessment.

Content control

Finaly, for the development of metrics aiming to model delight or annoyance or behaviour, it is important to

consider the role of content as a cofounding factor.
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6.4 Application

While the proposed model and its definition were not yet adopted directly in other QoE studies outside
of the TUFIQoE project, it has already influenced VQEG discussions and actions. In upcoming ,,White
Paper on Quality of Experience-Aware Management for Collaboration Between Network and Application
Providers” [[184], new definitions and layers of QoE will be proposed. This VQEG white paper proposes a
framework to improve end-user Quality of Experience (QoE) by facilitating cooperation between Content
and Application Providers (CAPs) and Communication Service Providers (CSPs). It introduces a layered
model that clearly distinguishes between network-level KPIs, application-level KQIs, and user-centric QoE,
establishing a common language for research and industry. The core contribution is a shared state table that
enables structured information exchange of QoE-relevant metrics, allowing both CAPs and CSPs to optimize
services collaboratively. Practical use cases in video streaming and cloud gaming demonstrate the frame-
work’s benefits, while privacy considerations and pathways toward standardization ensure its applicability
in real-world deployments.

The white paper is currently under review, having been announced at the ITU-T SG12 meeting, and
is expected to be published before the end of 2025. It has been prepared by more than 20 experts rep-
resenting over 15 organizations from both academia and industry, including YouTube, Meta, Telef6nica,
AT&T, Ericsson, Nokia, and TikTok. The author of this thesis contributed as one of the co-authors. During
the preparation of this document, several of the distinctions and definitions proposed in this thesis were

discussed and refined to align with the objectives of the white paper.

6.5 Limitations and Future Studies

In this dissertation, two Influential Factors were verified experimentally. If future studies show the influ-
ence of different factors, they should be incorporated into future QoE models, such as the one described in
chapter 3]

What is more, the above-described conclusions are limited to video-on-demand scenarios only. Current
frontiers of QoE studies include research on Extended Reality and Artificial Intelligence. Those areas are
drastically different from the video domain, and it is important to highlight those differences. Firstly, both
in XR and Al, the possibilities of quality manipulation are limited compared to video. Thus, providing
sufficient differences in stimulus or similar operationalization levels using metrics, as in the video, is not
possible. Moreover, users have less experience with those technologies. Thus, they can be more prone to
biases because rating quality in those scenarios is a more challenging task. Finally, both XR and Al are
more multidimensional problems compared to video. Thus, it is important to narrow the scope of the claims
from this dissertation only to video-on-demand services.

Nevertheless, I believe that insights about the subjective scales and the rating process itself that were
described in this dissertation can be useful in studies of frontier technologies. Moreover, models like the
one presented here can be developed and adjusted to model multimodal problems and leverage inference
about them. Together, these contributions can help researchers identify the most adequate tools for different

layers in multimodal QoE of XR and AIl. At the same time, future studies should make a clear effort to
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operationalize variables in a transparent and reproducible manner, since only precise definitions allow for
meaningful accumulation of knowledge across experiments. The layered perspective on QoE proposed in
this work provides a useful framework for guiding such operationalization, ensuring that technical, experien-
tial, and contextual dimensions are addressed coherently. In addition, the findings highlight the importance
of measuring external validity and investing in a deeper understanding of how participants actually use rat-
ing scales, since the interpretive process of scoring is as critical as the numerical results themselves. By
combining methodological rigor with conceptual clarity, QoE research can progress toward frameworks that

are both theoretically rich and practically applicable.
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