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Abstract—Data-driven Quality of Experience (QoE) modeling
using Machine Learning (ML) is a key enabler for future
communication networks as it allows accelerated and unbiased
QoE modeling while autonomously adapting to changes over
time. Traditional ML techniques only provide black-box QoE
models, meaning that the models’ internal reasoning is hard to
understand. This makes it difficult not only to gain valuable
insights into the data and the underlying QoE influence factors,
but also to build trust in the predictions of the QoE model. To
address these challenges and enhance performance, we identify
four critical aspects for any data-driven QoE model: explain-
ability, context adaptability, quantification of uncertainty, and
data decentralization. In this work, we focus on eXplainable
Artificial Intelligence (XAI), which is a promising solution to
obtain explainable models allowing to address all critical aspects
for data-driven QoE modeling. This tutorial introduces and
explains relevant concepts from XAI and related fields. We apply
these techniques to two realistic use cases, video streaming QoE
modeling and web QoE modeling, for two different modeling
tasks, classification and regression, and discuss their value in the
context of XAI-based data-driven QoE modeling. In addition, to
improve the reader’s understanding, to ease the application of
presented techniques for own use cases, and to foster research
in the field of data-driven QoE modeling with XAI, we make
Python Jupyter Notebooks available.

Index Terms—Quality of Experience; Machine Learning; ML;
Explainable Artificial Intelligence; XAI; Federated Learning;
Uncertainty; Video Streaming QoE; Web QoE;

I. INTRODUCTION
A. Motivation

While 5G mobile networks focused mainly on enhanced
mobile broadband, massive machine type communication, and
ultra reliable low latency communications, 6G is expected
to advance mobile networks further by enabling human-
centric [1] and Artificial Intelligence (AI) and Machine Learn-
ing (ML) empowered networking [2], [3]. As a consequence,
Quality of Experience (QoE) is going to become a fundamental
metric for quantifying the performance of 6G networks [1].

Understanding the factors influencing QoE [4] and subse-
quently building QoE models is therefore highly relevant for
any service and network provider as it allows to avoid cus-
tomer churn, and thus, revenue losses. To obtain such models,
dedicated, subjective QoE studies have to be conducted in
which participants rate the subjectively experienced quality of
presented stimuli, i.e., representative content that would be ex-
perienced in realistic situations. This might include presenting
videos with different number of stalling (rebuffering) events as

stimuli, e.g., [S]-[13], or presenting web pages with different
page load times as stimuli, e.g., [14]-[22], and obtaining the
corresponding QoE scores in order to derive fundamental
relationships between characteristics of the stimuli and the
resulting QoE. However, such studies typically cover only
some parts of the relevant parameter space due to time and
budget constraints, and might be influenced by study design.

In [23], we therefore proposed data-driven QoE modeling,
which comes with several benefits. These benefits are sup-
posed to include a speedup of the modeling process, a reduc-
tion of the model bias introduced by study design and model
selection, an increase in generalizability by merging heteroge-
neous data sources, and an automatic model refinement over
time with newly available data. All that is required for such a
modeling are large datasets composed of features (measurable
characteristics of the experienced stimuli) and labels (QoE
scores associated with these stimuli). Consequently, we face
a classical supervised learning task that could be tackled with
a rich toolbox of Al and ML techniques to obtain data-driven
QoE models.

However, we must emphasize at this point that for any data-
driven QoE model to be usable and valuable in practice, there
is a crucial property: Explainability. QoE models deployed
in practice should be explainable rather than black-boxes.
Explainability provides valuable insights into data and QoE
influence factors, while increasing the stakeholders’ trust in
the QoE model. Thus, this tutorial focuses on Explainable Ar-
tificial Intelligence (XAI) as promising solution for developing
white-box models for data-driven QoE modeling.

We significantly extend our previous work [23] by providing
comprehensive, accessible explanations for key XAI concepts.
Moreover, we demonstrate XAl-based QoE modeling for two
representative uses cases, video streaming and web QOE,
explore the resulting explanations, and discuss their value
for stakeholders. Going further beyond [23], we additionally
identify, discuss, and analyze three beneficial aspects for the
practical deployment and usage of data-driven QoE models.
Context adaptability: Data-driven QoE models should be
able to incorporate context, such as user factors [4] or device
differences [24], [25]. For instance, mobile users with smaller
screens might perceive a lower video stream resolution less
disturbing than TV users with the same video stream resolu-
tion. This tutorial demonstrates how a selected neural-network
based XAI model can be adapted to account for contextual
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factors by learning distinct functions for each context.
Quantification of uncertainty: Quantifying the uncertainty of
a QoE model’s predictions is crucial for stakeholders to avoid
fatal business decisions, e.g., the black-box model misjudging
QoE leads to poor QoE-aware network management and thus
user churn. Hence, a data-driven QoE model should be able
to express its uncertainty for a given prediction. Here, we
integrate three uncertainty techniques into the same XAI
model and subsequently discuss the quantified uncertainties
and their implications.

Data decentralization: Centralized data collection requires
large storage volumes, puts an additional burden on the
network, and introduces privacy concerns by end-users. We
highlight Federated Learning (FL) [26] as a solution, where
the data remains on the local end-devices and model training
is performed in a decentralized fashion. Therefore, future data-
driven QoE models should support FL. We train the same XAI
model in a FL setting, showing it can be trained decentralized
while maintaining interpretability.

B. Fundamental Concepts

Next, we introduce and discuss fundamental concepts re-
quired for the remainder of the work. First, we formally define
QoE and afterwards show how QOoE can be inferred from the
network and/or the application. Ultimately, we introduce XAI
with respect to explainability and interpretability and discuss
a general taxonomy of XAI methods.

1) Quality of Experience: For a long time, network perfor-
mance and resulting user satisfaction have been quantified with
the concept of Quality of Service (QoS) [27]. This concept
defines the performance level of a service using objective,
measurable technical parameters such as bandwidth, latency,
jitter, and packet loss. QoS thus describes the efficiency and
reliability of a network or system to deliver data (for a
service) [27]. However, QoS does not directly reflect true user
perception, resulting in challenges when mapping objective
parameters to subjective user experiences.

Thus, QoE was introduced to describe the subjectively
perceived quality of a service [4], complementing QoS. More
formally, QoE is defined as the “the degree of delight or
annoyance of the user of an application or service” [4].
Hereby, user’s QoE may be affected by a plethora of influence
factors, which are defined as “[a[ny 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” [28]. These influence factors include human factors, e.g.,
demography or the user’s emotional state, system factors, e.g.,
content and network quality, and context factors, e.g., physical
and temporal contexts. Note that the applicability of specific
influence factors strongly depends on the considered service.

A plethora of metrics for quantifying QoE have been
proposed in literature, with Hof}feld et al. [29] providing a
taxonomy for classifying metrics based on subjective mea-
surements. These metrics can be generally categorized into
opinion-based and behavioral-based metrics. Opinion-based
metrics are directly obtained from users and can be further

classified into metrics related to overall quality, perceptual
quality dimensions, difficulty in usage, acceptance, or early
termination. In this work, we focus on metrics related to
overall experience consisting of user opinions/ratings on the
predefined Absolute Category Rating (ACR). With the ACR
scale, participants rate the quality of their experience with
a stimulus on a scale from 1 (bad) to 5 (excellent) [30].
Afterwards, QoE is quantified by computing the Mean Opinion
Score (MOS) of these ratings. The MOS is the most commonly
used metric to express QoE, and is computed by averaging
individual user ratings, e.g., on the ACR scale, for a given
stimulus, thus representing the average user-perceived perfor-
mance.

2) QoE Modeling & Monitoring: Figure 1 provides a high-
level overview of QoE modeling and monitoring, highlighting
the stakeholders involved in the QoE delivery chain. A server
delivers a service and content to a user via the Internet and
an access network, such as a cellular network, with typically
encrypted network connections. These services are accessed
through the user’s application running on an end-device, such
as a smartphone. The user’s perception of the application
performance defines the user’s QoE. In subjective studies,
users provide ratings to quantify their experience, providing
direct feedback to the performance of the service provider,
network operator, or both. Since service providers and net-
work operators want to optimize and monitor performance
with respect to QoE, they require methods to estimate QoE
during deployment without relying on user feedback. This is
achieved by developing objective QoE models that estimate
QoE based on measurable application-layer and/or network-
layer parameters, and optionally context factors, e.g., device
type or screen resolution.

Application-layer parameters typically resemble known
QoE influence factors from research and may include video
Key Quality Indicators (KQIs) like initial delay, stalling, or
video quality, or web browsing KQIs like loading times, page
sizes, or number of Hypertext Markup Language (HTML)
objects. Due to encryption, these parameters are only measur-
able by the service provider, but not by the network operator.
Consequently, the network operator is limited to measuring
network Key Performance Indicators (KPIs), such as through-
put, volume, or latency, which makes direct QoE estimation
a more challenging task compared to using application-layer
parameters [31], [32]. Thus, indirect QoE modeling could be
required, where QoE influence factors are first approximated
from network-layer parameters and then fed into the QoE
model [33].

Designing such a model can be framed as a supervised task,
where the objective is to map features (measurable application-
layer or network-layer parameters) to a QoE metric, such as
the MOS. If the labels are continuous, the task is a regression
problem. If the labels are categorical (multiple classes), it
becomes a classification task. First, the monitored parameters
must be converted into a set of features that accurately
describe the observed service and network performance. In
QoE modeling, these features are typically organized as tabular
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Fig. 1: Big picture of QoE modeling, monitoring, and QoE-aware network traffic management.

data, where each row represents a single observation with its
corresponding QoE ground truth (label). Alternatively, features
can be presented as a time-series, where a single observation
is split into multiple time steps, e.g., 1 second intervals, each
with its own QoE ground truth or the ground truth for the
entire time-series. This work focuses on tabular data, as it is
easier to implement for deployment and avoids the additional
explainability challenges of time-series data. The approaches
discussed in this tutorial apply whenever input data can be
transformed to tabular data, allowing for transferability across
various QoE or other use cases. The model is first developed
during a training phase, where QoE ground truth is available.
In this phase, the model learns to map the features to QoE
metrics. Once trained, the model can be deployed to estimate
QoE for samples measured in real-world conditions, where
ground truth may not be available.

Traditionally, QoE modeling used either analytical models,
for example, based on curve fitting, or black-box ML models
to estimate QoE. While analytical models are interpretable,
they often introduce biases from the research team and are
more challenging to develop. In contrast, data-driven ML
models are typically black-boxes, obscuring their reasoning
and reducing stakeholder trust. To address this, we propose
XAl as a solution, enabling data-driven QoE modeling with
explanations for its reasoning.

Further, we want to remark that this work does not focus on
real-time QoE monitoring. These approaches require dedicated
hardware and pipelines, such as Intel Tofino P4 Switches, for
feature measurement and low model inference times [34]-

[37]. However, such specialized high performance pipelines
are beyond the scope of this work. Instead, the presented
approaches do not explicitly focus on the timely delivery of
monitoring information, but are suited for all kinds of service
and network management.

3) QoE-Aware Network Traffic Management: Traditionally,
network operators utilized network management to meet Ser-
vice Level Agreements (SLAs) and optimize resource usage,
focusing primarily on the efficient transmission of packets and
flows. Today, QoE-aware network traffic management [38]
shifts the focus towards enhancing end-user satisfaction by
utilizing cross-layer information, e.g., application-layer met-
rics, and collaborative mechanisms, e.g., client-network com-
munication. Its primary goal is to optimize network resource
utilization while improving overall QoE and ensuring QoE
fairness across users and applications.

Such network management mechanisms require continu-
ous monitoring of network conditions and the collection of
both KPIs and KQIs. These metrics are compared against
targets derived from SLAs and user expectations. While SLA
compliance is simpler to verify, assessing user satisfaction is
more complex, as it can not be directly measured and must
instead be inferred from KPIs and KQIs. However, KPIs and
KQIs alone are typically insufficient to infer QoE, but usually
represent only parts of the user experience. Accurate QoE
estimations thus depend on accurate and trustworthy QoE
models, the focus of this work.

If SLA or QoE expectations are not met, the network oper-
ator initiates appropriate network traffic management actions,
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e.g., routing optimizations, traffic prioritization, bandwidth
shaping, or signaling applications to adapt their demands.
These actions are enforced through configuration updates
within the different nodes of the network infrastructure. As
illustrated in red in Figure 1, the QoE estimated by the
QoE model can directly inform such management decisions.
In principle, the management can be applied throughout the
delivery chain, e.g., from servers or CDNs to the general
Internet and access networks.

Ultimately, the goal of QoE-aware network traffic manage-
ment is the creation of a dynamic control loop that aligns
network performance with QoE, thus bridging the gap between
technical efficiency and perceived service quality.

4) Explainable Artificial Intelligence: XAl is a research
field focusing on making Al systems understandable to human
users [39]. Understanding black-box Al systems is funda-
mental for all parties as such models are supposed to align
with ethics, avoid biases, and generally increase trust [40].
Subsequently, XAl aims to develop methods able to provide
explanations on black-box model behavior or to develop
interpretable models directly. Although explainability and in-
terpretability are often used interchangeable in the literature,
it is important to distinguish between these concepts [41].

Explainability focuses on providing explanations for a
black-box model to help users understand why the model
produced a specific output. Formally, an explanation is ad-
ditional information made available by the model itself or
by an external algorithm, e.g., the importance or relevance
of inputs for the model’s predictions [40]. These explanations
aim to approximate the model’s internal processes and are
supposed to provide users insights into how the model works.
These explanations often include feature importance, heatmaps
indicating the features a model relied on for its prediction, or
rules approximating its predictive behavior [40].

In contrast, interpretability allows the user to study and
clearly understand the mathematical processes within the
model transforming the inputs to the respective outputs, thus
providing transparency by clarifying how the algorithm actu-
ally works [40], [42]. As a result, interpretable models often
provide mathematical formulations that efficiently describe the
learned behavior of the model.

These differences are also evident in literature where
taxonomies of XAI methods are discussed [39]-[41], [43].
Broadly, XAI methods are classified into interpretable and
post-hoc explanation techniques. Interpretable models, also
called in-hoc, transparent, white-box, or intrinsic models, are
interpretable by design to make their learned behavior and
reasoning understandable. In contrast, post-hoc explanation
techniques are applied after training a black-box model and
aim to explain the black-box behavior. As we will see, many
interpretable models and post-hoc techniques rely on additive
functions, which are easily understandable by humans.

Post-hoc explanation techniques can be further catego-
rized in model-agnostic and model-specific techniques. Model-
agnostic techniques can be applied to any kind of model, while
model-specific post-hoc explanation techniques are restricted

|. Introduction

Il. Existing Surveys
and Tutorials

(ML-based) QoE
Modelling

]—[ Web Browsing
Main
Effects

Linear % Decision X

Models Trees

R * Symbolic X %
[ VI. Explainability ]-[ TabNet Reg"r;sosi'gn] [ KAN ]

Video Streaming &

1ll. Related Work Web QoE

[ IV. Datasets

Video Streaming

~—

V. Preprocessing

Feature
Selection

Expert
Modeling

—

[ Post-Hoc &

Explainer

| —

Additive % ]
Models ] [ Benchmarking

Contextualized X
[ VII. Context J———[ NAM ]

) Monte- X *
VIll. Uncertainty  H Ensembles [ carto rapout
|
* * *
[ I1X. Fedgrated ]_[ FedSGD ]—[ FedAvg ]—-[ FedProx]
Learning

X. Future Directions

* = Jupyter Notebook available

XI. Conclusion

Fig. 2: Structure of this work.

to a certain kind of model. An example for a model-specific
post-hoc explanation is the saliency map of Convolutional
Neural Networks (CNNs), which shows where the model
focused the image to generate its prediction, but which can
not be computed for Random Forest (RF), an ensemble of
trees, for example. Post-hoc explanation techniques are usually
either based on perturbations, i.e., randomly changing the input
space to observe what happens with the output, or on gradients,
i.e., the influence of individual features can be estimated when
using differentiable functions like neural networks.

Finally, the scope on which XAI techniques and models
operate can be used to distinguish between them. There are
models which provide local, global, or both kinds of expla-
nations. Local explanations are provided for a single instance
only and usually differ for each instance. They provide us with
a local view of the model’s knowledge. Global explanations
on the other hand provide a general idea on what the model
learned independently of the instances. For more details on the
general taxonomy we refer the interested reader to the works
of Arrieta et al. [43] and Molnar [44].

In this tutorial, we investigate the applicability of both post-
hoc explanation techniques and interpretable models to QoE
modeling.

C. Structure

Figure 2 shows the structure of this work: Existing surveys
and tutorials and other related work are discussed in Sections
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II and III. Additionally, we provide acronyms and abbrevi-
ations relevant for the remainder of this work in Table I to
support readability. The datasets used for this tutorial as well
as a short discussion on the preprocessing, the main effects of
the datasets, and expected relationships based on expert mod-
eling are presented in Sections IV and V. We start Section VI
by introducing general common ML concepts, before we
dive into different, existing XAl techniques and models. We
begin with simple XAl models and continuously increase the
complexity. For each model we first introduce the basic model
concepts to the reader, then apply the model to our datasets
and discuss the obtained explanations, before we talk about
the learned lessons. In the following sections, we focus on a
single selected model only, the Neural Additive Model (NAM).
We showcase how this model can be extended to incorporate
context (Section VII) and uncertainty (Section VIII). Here,
we also first introduce relevant concepts to the reader for both
context and uncertainty, before applying different techniques
and investigating the obtained explanations. In Section IX we
then explain federated learning and exemplary aggregation
strategies, before we investigate the suitability of NAM for
federated XAl-based QoE modeling. We discuss potential
future directions of XAl-based QoE modeling in Section X,
before this tutorial is concluded in Section XI.

All models presented in this tutorial are implemented in
Python. We make Jupyter Notebooks publicly available!,
which will not only help to better understand the explained
concepts and their usage, but which will also enable re-
searchers to perform rapid prototyping on their own QoE
datasets. They consist of standalone, executable scripts that
include extensive documentation, each focusing on a specific
technique covered in Sections VI, VII, VIII, and IX, as
highlighted in Fig. 2. While we target QoE modeling in this
work, we also want to emphasize that all presented concepts
and techniques can also be transferred to other network
management use cases, e.g., network security and intrusion
detection, monitoring of Internet of Things (IoT) devices, or
network capacity planning.

II. EXISTING SURVEYS AND TUTORIALS

On the topic of QoE as well as on XAI a plethora of
surveys and tutorials already exists. However, there is no work
that combines both topics as presented in this work. Existing
studies dealing with QoE and XAI are not as comprehensive
as this paper. We provide an overview on available literature
in Table II. The research works are categorized according to
their focus on QoE, XAI, and the considered services, along
with a summarized description of the core contents and the
publication year.

The closest surveys to our work are the works from Barman
et al. [13] and Kougioumtzidis et al. [45]. Barman et al. [13]
survey existing works on QoE modeling in the context of
Hypertext Transfer Protocol (HTTP) adaptive video stream-
ing. While they also discuss works that use ML to model

Thttps://github.com/Isinfo3/comst-xai-qoe

TABLE I: List of Abbreviations.

Abbreviation Description

ACR Absolute Category Rating

Al Artificial Intelligence

ATF Above-The-Fold

BI Byte Index

CDF Cumulative Distribution Function

CNN Convolutional Neural Network

CSS Cascading Style Sheets

DASH Dynamic Adaptive Streaming over HTTP

DT Decision Tree

EBM Explainable Boosting Machine

FedAvg Federated Averaging

FedProx Federated Optimization in Heterogeneous Networks
FedSGD Federated Stochastic Gradient Descent

FL Federated Learning

GAM Generalized Additive Model
HTML Hypertext Markup Language
HTTP Hypertext Transfer Protocol

IoT Internet of Things

10X Exponential Interdependency of QoE and QoS
KAN Kolmogorov-Arnold Network

KPI Key Performance Indicator

KQI Key Quality Indicator

LIME Local Interpretable Model-Agnostic Explanations
LinReg Linear Regression

LLM Large Language Model

LogReg Logistic Regression

MAE Mean Absolute Error

ML Machine Learning

MLP Multilayer Perceptron

MOS Mean Opinion Score

MSE Mean Squared Error

NAM Neural Additive Model

OI Object Index

PLT Page Load Time
QoE Quality of Experience
QoS Quality of Service

RF Random Forest

Root Mean Square Error

SHapley Additive exPlanations

SI Speed Index

Service Level Agreement

Standard Deviation of Opinion Scores
SR Symbolic Regression

SROCC Spearman’s Rank Correlation Coefficient
TTFB Time to First Byte

TTLB Time to Last Byte

VoIP Voice over IP

VR Virtual Reality

WQL Logarithmic Relationship of Waiting time and QoE
XAI Explainable Artificial Intelligence
XGBoost eXtreme Gradient Boosting

different Dynamic Adaptive Streaming over HTTP (DASH)
influence factors, none focus on XAI and its application
to QoE modeling. Moreover, our work differs in that we
additionally consider web QoE use cases, and in that we
present methodologies that are transferable to any QoE use
case. Kougioumtzidis et al. [45] survey existing approaches
for assessing QoE with ML but do not focus on XAl too.
Most of the discussed works rely on black-box models and
only a few works utilize simple interpretable models like linear
regression or Decision Trees (DTs). While these basic models
can technically be considered XAlI, they are typically used for
exploratory data analysis and are not comparable to the more
sophisticated XAl methods covered in our tutorial. The closest
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TABLE II: Overview on existing surveys and tutorials in the field of QoE and XAI, where v corresponds to match, X corresponds

to no match, and corresponds to a partial match.

Type QoE  XAI  Services/Data Summary Year  Work
v X Multimedia Services ML-based QoE Assessment 2022 [45]
v X Video Conferencing QOE of Telemeetings and Video Conferencing 2022 [46]
v X Unified Communications QoE for Unified Communications (Audio, Video, Text) 2020 [47]
v X Video Streaming QoE Modeling 2019 [13]
v X Multimedia Services Trends in QoE Management 2018 [48]
v X Web Services Web QoE 2017 [18]
v X Video Streaming Measuring QoE of Video-on-Demand Services 2015 [11]
v X Video Streaming HTTP Adaptive Streaming 2014 [9]
v X Cloud Services QoE in Cloud Services 2014 [49]
v X Generic ML-based QoS/QoE Correlation Models 2014 [50]
v X Multimedia Services QoS/QoE Correlation Models 2013 [51]
v X Voice over IP (VoIP) QoE of VoIP 2012 [52]
X v Networking Traffic Classification and Prediction & Intrusion Detection 2024 [53]
Survey X v Networking XAI for 6G 2024 [54]
X v Networking XAI for 6G O-RAN 2024 [55]
X v Networking XALI for 5G 2024 [56]
X v Networking XAI for IoT Security 2023 [57]
X v Networking XAI for IoT 2023 [58]
X v Networking XAI for Cybersecurity 2023 [59]
X v Generic XAI and Natural Language Explanations 2023 [60]
X v Generic Taxonomy, Challenges & Future Research 2022 [61]
X v Time-Series XA for Time-Series Data 2021 [62]
X v Tabular XAI for Tabular Data 2021 [63]
X v Generic Taxonomy & Responsible Al 2020 [43]
X v Generic Taxonomy & Software 2020 [40]
X v Generic Taxonomy 2020 [64]
X v Generic Taxonomy 2018 [39]
X v Generic Taxonomy 2018 [65]
v X Video Streaming ML Pipeline & Deployment in 5G/6G Networks 2021 [66]
v X Multimedia Services QoE Management 2019 [67]
Tutorial X Video Streaming From QoS to QoE for Video 2014 [8]
X 4 Generic Mostly Post-Hoc Explanation Techniques 2021 [68]
X Generic Fuzzy Modeling 2018 [69]
Tutorial v v Video Streaming & Web Browsing XAlI-based QoE Modeling only 2024  Ours

tutorial to ours is the work from Chen et al. [8]. The authors
present a tutorial on video quality assessment and discuss how
to obtain QoE from QoS in the context of video streaming.
Their work is close to ours in that they also discuss data-
driven QoE modeling in the end and also propose to use simple
interpretable models such as linear models and DTs for this
purpose. However, a variety of novel XAl techniques have
been proposed since their 2014 publication. These new XAI
techniques require validation for the QoE use case, a gap we
aim to close in this work.

The other surveys concerning QoE mostly focus on specific
services, e.g., video conferencing [46], cloud services [49],
web services [18], or video streaming [9], and entirely neglect
ML and XAIL In contrast, the XAl surveys mostly discuss
taxonomies on how the different models and techniques can
be categorized and which approaches exist. In addition, some
surveys focus on specific kinds of data, e.g., time series
data [62] or tabular data [63]. Further, a plethora of surveys
discussing XAI and networking exists. These surveys focus
on different aspects of networking, such as traffic classi-
fication [53], IoT [58], security [57], [59], and 5G/6G in
general [54]-[56]. Our tutorial complements these works by
exploring the capabilities of XAI to model the user-centric

perspective of networking through QoE.

The tutorial by Ahmad et al. [66] is also relevant to our
work. The authors present a tutorial on how to create a
ML pipeline for QoE prediction of video streaming and how
to deploy such ML models in 5G or 6G networks with
the help of Software Defined Network, Network Function
Virtualization, and Multi-Access Edge Computing. It allows
that we omit these preparation steps, or touch them only
lightly, respectively, and instead we refer to the survey of
Ahmad et al. for more information.

Based on our literature review, we thus conclude that,
despite its immense potential, data-driven QoE modeling with
XAI has not been extensively covered and used in research yet.
We therefore aim to close this gap with this tutorial. As we
focus on the use case of video streaming QoE and web QoE
as well as on QoE modeling in the contexts of ML, federated
learning, and uncertainty in this work, we also discuss relevant
related work on these topics in the following.

III. RELATED WORK
A. Video Streaming QoE

Several QoE models have been proposed for Internet ser-
vices like video streaming [9], [13]. As shown in [13], there
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are various video QoE models, which consider different in-
puts, e.g., media-layer inputs like decoded audio/video signal,
parametric inputs like packet headers, bitstream information
like quantization parameter, as well as hybrid models, which
consider a combination of the aforementioned inputs. In this
work, we compare the performance of our data-driven video
streaming QoE models to the expert QoE models ITU-T
P.1203 [24], HoBfeld [70], Liu [71], Mao [72], Mok [73],
Petrangeli [74], and VsQM [75]. The majority of these models
considers the total stalling length, the number of stalling
events, and the visual quality (bitrate and/or resolution) as
important QoE influence factors. Note however that HoBfeld
and Mok do not consider adaptive video streaming. P.1203,
Mao, Mok, and VsQM also factor in the initial delay. P.1203
additionally considers the number of video quality switches
and it is the only expert model, which also incorporates
ML. In [76], the authors showed that many of those video
streaming QoE models perform significantly different as they
attach different weights to the QoE influence factors. This
suggests that a data-driven approach to QoE modeling can
bring benefits to the QoE community in terms of model
accuracy and generalizability.

Video streaming places substantial demands on network
resources, while network performance directly affects KQIs
of the viewing experience. Adaptive video streaming follows
a characteristic on-off pattern, with short traffic bursts for
segment downloads followed by idle periods [77], [78], posing
challenges for both applications and network. The initial
delay is mainly influenced by network latency and available
bandwidth during playback startup. Reducing this delay re-
quires network operators to provision sufficient resources at
startup, directly impacting QoE. However, this creates traffic
spikes that must be carefully managed to prevent network
congestion. Stalling is strongly linked to insufficient or un-
stable throughput, often caused by bandwidth fluctuations,
high latencies, and packet loss, resulting in buffer depletion.
Network operators should thus ensure stable throughput and
low latency to minimize the risk of stalling. Visual quality
depends on the available throughput, where higher throughputs
enable the delivery of segments with better quality. Conversely,
bandwidth constraints force lower video quality to avoid
stalling. Subsequently, delivering high video quality increases
network load. Finally, quality switches reflect network insta-
bility. As throughput fluctuates, adaptive bitrate algorithms
adjust video quality to balance resolution and stalling risk.
Frequent switching may degrade QoE, making it essential for
network operators to provide a stable throughput when aiming
to support excellent streaming. Since all these factors affect
both video streaming QoE and network performance, accurate
and explainable video streaming QoE models are essential
for network operators and service providers to ensure high
video streaming QoE and gain insights for efficient QoE-aware
network traffic management via control loops.

B. Web QoE

In the context of web QoE, loading times are consid-
ered fundamental for estimating web QoE. Several web QoE
models have been proposed [18]. To capture these loading
times and thus QoE, several metrics have been suggested in
literature. These metrics are usually classified as either time-
instant metric or time-integral metric. Time-instant metrics
denote a specific event, at which a user may perceive a web
page as fully loaded. The most prominent time-instant metric
is the Page Load Time (PLT), which corresponds to the time,
when a web page is fully downloaded. Some other time-instant
metrics are Time to First Byte (TTFB) and Time to Last Byte
(TTLB), i.e., the points in time, when the first or last byte of
a web page are received, respectively. Time-integral metrics
include Google’s Speed Index (SI) and its variations, e.g.,
Byte Index (BI) and Object Index (OI) [79]. These metrics
compute an integral over the complementary progress in the
viewport based on different attributes, e.g., visual progress for
SI, byte progress for BI, and object progress for OI. To derive
a web QoE model from these metrics, the metrics are usually
aligned to the Exponential Interdependency of QoE and QoS
(IQX) [80] or the Logarithmic Relationship of Waiting time
and QoE (WQL) [15] hypotheses [19], [21], [22]. The 1QX
hypothesis assumes an exponential relationship between metric
and web QoE, while the WQL hypothesis assumes a logarith-
mic relationship. However, the authors of [81] reveal that the
distribution of the user-perceived PLT is often multimodal, so
IQX and WQL hypotheses are likely not sufficient to fully
capture QoE. Instead, a multidimensional approach to QoE
modeling is required, e.g., in the form of multidimensional
1QX [82], an extension to the IQX hypothesis. However, here
our data-driven approach might also assist by generating a
context-aware QoE model.

Loading times like PLT and SI fundamentally depend
on network latency, available bandwidth, and packet loss.
High round-trip times or limited throughput can significantly
delay the retrieval of web objects and thus the rendering
of web pages. To mitigate these effects, network operators
and service providers should aim to minimize latency and
optimize bandwidth usage. This is especially important for
TTFB, which reflects the perceived responsiveness of the
server and is characterized by DNS resolution, TCP/TLS
handshake, and the initial data transfer. While web browsing
consumes fewer network resources than video streaming, it
remains the most widely used application and often serves
as a gateway to other services. Nevertheless, user behavior
can introduce unpredictable traffic patterns, making it essential
to understand web QoE and proactively adapt QoE-aware
network management via control loops accordingly. To this
end, accurate and transparent web QoE models are essential,
offering network operators and service providers guidance on
how to orchestrate their networks while ensuring high QoE.

C. (Federated) ML-based QoE Modeling

The survey in [45] shows that ML-based QoE modeling in
multimedia systems is already widely used, including Virtual
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Reality (VR), 360 degree video, and gaming. However, the
QoE models are based on shallow learning methods, e.g., RFs,
or on deep learning methods, which lack explainability. Thus,
it is difficult to understand what QoE factors are relevant and
how they affect the QoE score. Most similar to our work is
the work of Fiedler et al. [83] where model trees are used to
estimate points of change in video streaming QoE. For this
specific class of model trees, the leafs correspond to linear
functions and are thus explainable.

There also exists research on collaborative (or federated)
QoE modeling. Porcu et al. [84], [85] use clustering and
federated learning to apply QoE modeling to a public media
content dataset [84] and to a public web QoE dataset [85].
Ickin et al. [86] also model video streaming QoE with collab-
orative learning using the Waterloo III video streaming QoE
dataset [87], one of the datasets also used in this work.

D. Uncertainty in QoE Modeling

Uncertainty in QoE modeling has also been investigated in
other works. In [29], the authors propose different means to
quantify uncertainty from the score distributions. The proposed
measures include the standard deviation and subsequently the
Standard Deviation of Opinion Scores (SOS) hypothesis [88],
entropy, the Cumulative Distribution Function (CDF), and
quantiles. The authors of [89] also quantify uncertainty for
assessing the QoE of Voice over IP (VoIP) calls. To achieve
this, they learn a Bayesian Network, which considers different
context factors. Another field of research, which requires the
estimation of uncertainty, is active learning [82]. With active
learning, the next data point added to the training dataset has
to be determined. One strategy to decide on the next sample
is to exploit uncertainty. The authors of [82], therefore, select
the next sample with the goal to minimize overall prediction
variance and, thus, decrease uncertainty (similar to [90]). In
contrast to previous works, data-driven QoE modeling allows
to implicitly learn uncertainty along with the actual task.

E. ML and XAI-based QoE Monitoring

While related work for explainable ML-based QoE model-
ing is scarce, many works have addressed (explainable) ML-
based QoE monitoring. In these works, the goal is to directly
infer QoE, e.g., P.1203 [24] or QoE influence factors, e.g.,
stalling or video quality from QoS parameters. Our work
thus addresses the fundamental research, which makes these
works possible. The authors of [91]-[93] for example use
mostly black-box ML models to estimate video streaming QoE
influence factors like stalling and video quality from QoS. For
the web, the authors of [16], [35], [94] also use various ML
models to estimate web metrics like PLT and, subsequently,
web QoE.

In contrast to previous works, the authors of [95] present an
explainable classifier based on logistic regression to improve
stalling prediction. Schwarzmann et al. [36] use regression
techniques to estimate QoE for the use cases of video stream-
ing and VoIP in 5G networks. They rely on linear regression
techniques like Ridge Regression and Lasso (Least Absolute

Shrinkage and Selection Operator) Regression, which are
explainable by default. The authors of [96] use fuzzy models
to derive rules which explain why the model mapped QoS
parameters to one of three classes representing stalling.

We thus observe that XAl has been already used for QoE
monitoring, even though scarcely. We want to emphasize that
while we mainly focus on QoE modeling in this work, all
presented XAl techniques can be also transferred to the task
of understandably inferring QoE from QoS, i.e., modeling the
relationship between the network and the user experience in
an understandable fashion. As a consequence, our work can
be also used as a guideline for XAl-based QoE monitoring.

IV. DATASETS
A. Use Case: Video Streaming

We crawled various publicly available sources for video
QoE databases meeting specific criteria. In particular, we
looked for databases containing rich information about ex-
periment conditions and stimuli, which could have an impact
on video streaming QoE, and thus, can be used as features
for the ML models. This includes, for example, various
video streaming KPIs, such as stalling information and visual
quality. Moreover, the database was required to provide the
corresponding subjective user ratings for all stimuli, which we
require as labels to train ML models in a supervised fashion.

Five databases [24], [87], [97]-[99] matched our criteria,
and we preprocessed and aggregated them into a new dataset
consisting of 2,571 video streaming sessions. We characterize
the databases shortly in Table III and observe that our new,
merged dataset is highly heterogeneous due to the different
databases. This can be seen, for example, in the duration of the
video clips ranging from 10 up to 240 seconds. We can also
see that the amount of instances containing an initial delay
and stalling events vary between the databases. In addition,
the MOS for the Waterloo databases [87], [97] is significantly
higher compared to the other three databases.

For each video of a database, we extracted the initial delay
in seconds, the number of stalling events, the total stalling
duration in seconds (without initial delay), the playback dura-
tion in seconds (excluding stalling and initial delay), and the
video width and height in pixels, and used them as features
to describe the stimulus. Additionally, we extracted the bitrate
(Mbps), the frame rate, and the stalling duration for every
second of the video duration. Considering the distributions of
these per-second KPIs in a single session, we computed the
mean, standard deviation, minimum, and maximum statistics,
which we also use as features. Finally, we also extract the
number of quality switches, and the recency time of the last
quality switch, but not the quality levels themselves since
they are not compatible across the databases due to different
minimum and maximum resolutions. Constant features, e.g.,
the frame rate statistics, were immediately removed from the
feature set. Finally, we consider the continuous MOS of each
stimulus as label, which shall be predicted by the QoE models.
Note that we normalize all MOS scores across all databases
to an ACR scale from 1 to 5.
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TABLE III: Characteristics of considered video QoE databases.

Database # Sessions  # Videos  Duration [s]  Initial Delay Incl.  Stalling Incl. ~ Avg. Stalling Length [s] ~ # Avg. Stallings  Avg. Bitrate [Mbps] =~ MOS (Std.)
Waterloo 1T [87] 450 20 10 100% 49.1% 32 24 2.52 3.43 (0.62)
Waterloo IV [97] 1350 5 28 12.3% 23.9% 3.6 2.0 4.60 3.65 (0.64)
LIVE Netflix I [98] 112 14 60-87 62.5% 50.0% 8.4 1.3 0.24 3.00 (0.70)
LIVE Netflix II [99] 420 15 25 0% 39.5% 2.7 2.5 0.60 2.99 (0.82)
ITUT-T Rec. P.1203 [24] 239 157 60-240 30.1% 43.9% 12.9 1.4 1.77 3.15 (0.97)
Merged dataset 2571 211 10-240 29.48% 33.87% 4.8 2.1 3.13 3.43 (0.76)
Overall, this use case serves as an example of mapping TABLE IV: Utilized features per use case in this work.

application parameters (user-centric KQIs) directly to QoE
(cf. Fig. 1). Even though networking aspects are not directly
involved in the QoE modeling process of this scenario, accu-
rate QoE modeling of application parameters can still reduce
the burden on the network. This can be achieved by imple-
menting network management mechanisms that optimize and
prioritize traffic more effectively. Such optimizations can lead
to smarter bandwidth allocation and lower latencies for high-
priority applications, guaranteeing a smoother user experience.
Further, general application optimization typically yields an
improved network performance by enabling a more efficient
use of network resources, thereby reducing congestion, and
promoting fair bandwidth distribution among competing users.

B. Use Case: Web Browsing

To showcase the generality and transferability of the ap-
proach, we also evaluate the performance of XAl-based mod-
eling for a web QoE use case. In contrast to video streaming
QoE, the availability of suitable web QoE datasets is much
more limited. We identified only two suitable datasets, namely,
the dataset from Schatz et al. [100] and the dataset from da
Hora et al. [101].

The dataset from Schatz et al. [100] contains demographic
information as well as subjective ratings for different web
browsing scenarios, where different websites are accessed in
different network scenarios. For the network scenarios, uplink
and downlink bandwidth and round trip times are manipulated.
The dataset contains a total of 572 subjective ratings.

In contrast, the dataset from da Hora et al. [101] contains
3,010 subjective ratings for a highly diverse set of websites, but
no demographic information. In total, 241 participants rated
their browsing experience on ACR scale in an experiment
setup, where participants had to use Google Chrome to browse
to 12 popular non-landing web pages present in the Alexa Top
100 of France. As with the other dataset, the experiment setup
allowed to manipulate the network conditions with respect
to latency and packet loss. Additionally, the dataset provides
a rich set of application layer features, e.g., the amount of
bytes in Cascading Style Sheets (CSS), JavaScript, image,
and video objects contained in the website, or the number
of contacted domains during the web page request as well as
several relevant web QoE metrics, e.g., PLT, Above-The-Fold
(ATF), BI, OI, TTFB, and TTLB.

As both datasets use completely different features, we can
not merge them into a new heterogeneous dataset. Therefore,
we only select the dataset from da Hora et al. [101] for our
showcase as it contains more subjective ratings and provides

Video Streaming QoE Web QoE

Feature Set Expert Data-Driven

Fl1 Avg. Bitrate Blprr

F2 Initial Delay Total Bytes

F3 Number of Stalling Events TTFB

F4 Total Stalling Duration Number of Domains
F5 Number of Quality Switches JS Bytes

F6 Protocol

a more diverse feature set. As there are no defined experiment
conditions in this dataset, which we can use to aggregate
individual ratings into MOS scores, we do not aggregate the
dataset at all but instead predict the individual QoE ratings in
this use case. This way, we are also able to showcase data-
driven QoE modeling in the context of a classification task, for
which here the classes would be the five rating categories of
the ACR scale ranging from bad (1) to excellent (5) QoE.
However, as multi-class classification is often difficult for
many existing models and to showcase additional modeling
tasks like binary classification, we transform the individual
subjective ratings to a binary indicator beforehand to enforce
a binary classification scenario. Hereby, a label of 0 indicates
low QOE, i.e., a subjective rating of 3 (fair) or lower, and a
label of 1 indicates a high QOE, i.e., a subjective rating of 4
(good) or higher. Except for feature scaling, we do not perform
any additional preprocessing for the remaining features.

Unlike the first use case, the web browsing use case
involves both network KPIs and user-centric KQIs, making
this scenario a mix of direct and indirect QoE inference (cf.
Fig. 1). The network KPIs include Blpyr, total bytes, and
TTFB, all metrics directly measurable from the network layer.
In contrast, metrics like ATF, OI, or PLT can only be measured
by directly analyzing the rendered web page, i.e., working
on application layer. In contrast to application-layer QoE
modeling, a QoE model purely relying on network KPIs is
especially useful for network monitoring by service providers,
as it allows to estimate user satisfaction from network-level
metrics only.

V. PREPROCESSING AND EXPERT MODELING BASED ON
DOMAIN KNOWLEDGE

We refer to other surveys and tutorials on how to preprocess
data to setup a valid production ML pipeline, e.g., [66]. In this
tutorial, we explicitly do not split our dataset into train and test
set since our datasets are too small and generalizability is not
our goal here. Instead, we aim to train models providing high
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Fig. 3: Graph-based feature selection.

performance and high quality explanations for their internal
decision making. Whenever we train classification models,
we balance all classes in the datasets by oversampling the
minority classes. This step avoids that the model learns to
predict the majority class only as this often results in a good
performance already with imbalanced datasets. Whenever data
normalization for a model is required, e.g., neural models,
we apply min-max-normalization to the entire dataset. If not
stated otherwise, we always use the mean squared error as
loss function for regression tasks and binary cross-entropy
as loss function for binary classification tasks. Whenever a
model operates on batches, we use a batch size of 32, the
default batch size, which works quite well for most ML
problems [102]. In the following, we shortly discuss the
importance of feature selection and explain how we performed
the feature selection for this work. Additionally, we show that
the computation of main effects is not sufficient to derive
reasonable rules and we discuss how experts with domain
knowledge would expect the models to look like.

A. Feature Selection

Selecting the most relevant features from a list of features
is easy when you already have domain knowledge about the
problem at hand. However, for unknown domains, e.g., for
future multimedia applications, it is unclear which features are
relevant QoE factors. Thus, we present a data-driven feature
selection method based on graph theory, which selects uncor-
related features that are desired for XAl. We will compare the
resulting feature set to an expert feature set, which is created
based on domain knowledge.

1) Use Case: Video Streaming: First, we perform the
feature selection on the video streaming dataset.

Expert: For the expert feature set, we use video QoE domain
knowledge derived from the QoE models presented in Sec-
tion III. In particular, we look at the input parameters of these
expert models and select the five most common parameters as
features. These expert features include the average bitrate, the
initial delay, the number of stalling events, the total stalling
duration, and the number of quality switches.

Data-Driven: To select uncorrelated features in a data-driven
fashion, we utilize a custom, simple, non-optimized graph-
based method similar to [103]. Note that our approach here

is not meant as general advice, but only one strategy to
find uncorrelated features. Other well-known strategies in-
clude Correlation-based Feature Selection [104] or Recursive
Feature Elimination [105]. Uncorrelated feature inputs offer
several advantages [104]. They reduce redundancy, thus in-
creasing efficiency, and improve interpretability by making it
easier to compute feature contributions to model predictions,
e.g., with SHapley Additive exPlanations (SHAP) or Lo-
cal Interpretable Model-Agnostic Explanations (LIME) [106].
This can help avoid misinterpretations. Additionally, multi-
collinearity [107], leading to inflated coefficient variances in
linear or additive models, can be avoided, which enables the
application of XAI tools requiring stable model behavior.
The mentioned aspects support the intuitive assumption that
explanations based on correlated features are less reliable.
As shown by Dietz et al. [108], correlated features can
indeed reduce interpretability and even lead to lower consensus
among competing XAI methods. In contrast to correlation-
based techniques, other techniques, such as univariate statisti-
cal tests (e.g., selecting the top k features based on their scores)
or dimensionality reduction techniques (e.g., Principle Compo-
nent Analysis), can also be used. However, these methods do
not guarantee uncorrelated features. Moreover, dimensionality
reduction techniques may decrease interpretability, as the
transformed features are no longer directly interpretable.

For our approach, we first compute Spearman’s Rank Corre-
lation Coefficient (SROCC) for all features. Using the SROCC,
we build a graph by interpreting each feature as a node. Two
nodes are connected in the graph if their absolute correlation
is higher than a threshold z. In this work, we add an edge
between two nodes only if [SROCC| > 0.5. Figure 3a
depicts the resulting graph for our dataset. Edges between
features are colored according to the absolute intensity of the
SROCC. We can easily see that all stalling-related features are
clustered together and do not share an edge with other features.
To find the highly correlated subsets, we then compute all
maximal cliques, i.e., fully-meshed subsets of the graph, and
sort the cliques by size in a descending fashion. We then iterate
through each clique and select the feature with the highest
SROCC to the MOS, add the feature to our feature set, and
blacklist all other features in the clique. Cliques of size one
with SROCC' < 0.2 are removed from the graph, such as the
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initial delay in this case, as they would contribute negligibly to
a model prediction. After all cliques have been checked, we
obtain the final feature set. For our exemplary dataset, four
features are selected as most indicative. These are the average
bitrate, the number of stalling events, the number of quality
switches, and the recency time of the last quality switch.
When comparing the expert and the data-driven feature set, we
observe that both feature sets contain the average bitrate, the
number of stalling events, and the number of quality switches.
Thus, there is a large agreement in both sets, while our data-
driven method excludes correlated features, which validates
the approach.

2) Use Case: Web Browsing: Next, we perform the feature
selection for the web browsing dataset.

Expert: For the expert feature set, we again use web QoE
domain knowledge. We select the accessed website and the
total downloaded bytes given that it has been shown that these
parameters affect web QoE [109]. In several studies, it has
also been shown that time-instant metrics like TTLB and time-
integral metrics like ByteIndex based on the PLT (BIpr) are
suitable for modeling web QoE [18], [19]. Finally, we select
network-related features as it has been shown in literature
that these parameters also affect web QoE [17], [100]. This
results in six features in total, namely, the accessed website,
total downloaded bytes, BIprr, TTLB, network latency, and
network packet loss.

Data-Driven: We replicate the SROCC-based graph for the
web QoE data. The resulting graph is depicted in Fig. 3b.
Note that to increase intelligibility of the graph, we removed
some of the low correlated features from the graph, e.g. most
of the network-related features. We observe that six features
in total are selected, namely, the amount of total bytes, the
TTFB, the number of accessed domains, the amount of bytes
of JavaScript objects (JS Bytes), the HTTP protocol version,
and the ByteIndex based on PLT (BIpr7).

Compared to the video QoE use case, we observe that the
expert and data-driven features do not strongly conform to
each other for this use case. However, the feature sets also
overlap for the features total downloaded bytes and Blprr.
As we will see later, BIprr is the most influential feature
for modeling web QoE in this dataset. From this perspective,
the data-driven approach also correctly identifies the most
relevant feature here. We summarize the features along with
their identifier (F1-F6) used throughout this work in Table IV.
For the video streaming QoE dataset, we utilize the five expert
features based on domain knowledge, while for the web QoE
dataset, we utilize the six features extracted with our data-
driven approach.

B. Main Effects

Before we start to analyze the datasets with XAI, we want
to show why it is not sufficient to use simple main effects to
obtain valuable insights into the data.

1) Background: A main effect describes the effect of an
independent variable, e.g., the number of stalling events, on the
target variable, e.g., the MOS, when averaging over all other

existing independent variables [110] or their factors/levels,
respectively. To obtain these levels and to enhance intelligi-
bility, we discretize the continuous features by binning the
features in discrete intervals and averaging all values falling
in the corresponding bin. Additionally, we center the MOS
beforehand around O by subtracting the MOS of the entire
dataset. This way, it is easier to interpret the effect of an
individual feature on the MOS.

2) Video Streaming: Figure 4a depicts the main effects of
the five expert video dataset features on the MOS as well
as the interaction effect between bitrate, stalling events and
MOS. The gray shades in the background denote the density
of the data, i.e., the normalized number of samples available
for a specific feature value. Darker shades correspond to higher
densities. The y-axis represents how the MOS is affected by
individual feature values. We observe that there is a linear
positive trend for avg. bitrate and a linear negative trend for
number of stalling events visible, but that no trend is visible for
initial delay, total stalling duration, and the number of quality
switches, as they behave unexpected for some values.

3) Web Browsing: We also investigate the main effects in
our web browsing QoE dataset in order to identify obvious
feature trends. Figure 4b showcases the main effects for the six
data-driven features. The x-axis shows the feature values and
the y-axis denotes the effect strength on the binary subjective
rating. Grey shades in the background again denote the density
of the data. We can easily observe that there is no obvious
trend for each of the features visible.

4) Lessons Learned: Main effects are not sufficient to
understand which features actually have a strong influence on
the MOS, but they only allow to see some simple trends and,
in particular, do not consider feature interactions. Additionally,
main effects oversimplify relationships as they assume linear-
ity and additivity of effects. They are also prone to return
misleading results in the case of unbalanced data [111]. As a
consequence, more powerful techniques are required.

C. Expert Modeling

Next, we shortly perform a manual expert modeling, i.e.,
we provide insights on what kind of model an expert with
domain knowledge would expect.

Starting with the video streaming QoE dataset, we would
expect that an increasing number of stalling events and an
increasing total stalling duration strongly negatively impact
the MOS, potentially following the IQX or WQL hypothesis.
For the video quality, here expressed with video bitrate as a
proxy, we would again assume an exponential or logarithmic
relationship based on the IQX and WQL hypothesis, where
lower bitrates result in a degradation of the MOS. For the
initial delay and also for the number of quality switches, we
would expect a linear, slightly negative trend with increasing
initial delays and quality switches. However, these features
should have a substantially smaller impact on QoE compared
to the other features.

For the web QoE dataset, we would expect that solely
waiting time related factors, e.g., Blprr, TTFB, or TTLB,
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Fig. 4: Main Effects.

affect the MOS and that other features like the number of
accessed domains, downloaded HTML bytes, or number of
connections would have nearly no impact. Again, we would
assume that the waiting time related factors follow the 1QX
or WQL hypothesis, i.e., longer loading times result in a
significantly lower MOS.

Note that each research team has different modeling pref-
erences and that the resulting models would look different.
Data-driven QoE modeling with XAI would circumvent this
issue by offering objectively optimized models.

VI. QOE MODELING WITH XAI

We start this tutorial with simple XAl techniques and mod-
els and continuously increase the model complexity. We list
the interpretable models and post-hoc explanation techniques
discussed and utilized in this work in Table V. We begin with
linear models and DTs as they are often required to understand
later techniques. In general, we keep the level of abstraction
as high as possible without going into too many technical
or mathematical details. For an in-depth understanding of the
individual techniques, we refer the interested reader to the
research works listed along with the techniques in Table V.

A. Hyperparameter Optimization

If not stated otherwise, we perform extensive hyperparame-
ter tuning for any model, e.g., the depth of a DT, the number
of layers and the number of neurons of the layers in neural
networks, or the learning rate. For the tree based models,
ie.,, DT, RF, and eXtreme Gradient Boosting (XGBoost)
we utilize scikit-learn’s exhaustive grid search with 5-fold
cross validation. With k-fold cross validation, k-1 folds of
the training data are used for fitting the model and the
remaining fold is used for validating the fitted model. For
TabNet, Explainable Boosting Machine (EBM), and Neural
Network-based models, we utilize Optuna [126], a framework
for performing hyperparameter optimization, as these models
cannot be integrated properly into scikit-learn. We use the
Tree-Structure Parzen Estimator algorithm [127] to sample
a new set of hyperparameters in each training round and
utilize a pruner, which stops unpromising training rounds
early. Additionally, we apply early stopping to stop training

with current set of hyperparameters if there has not been
any model improvement observed over the last 10 epochs.
Note that sampling the hyperparameters, stopping unpromising
training rounds early, and applying early stopping results
in significantly lower training times. Each training round
consists of 100 epochs and we evaluate at least 100 different
hyperparameter combinations. Note that the linear models
and the post-hoc explanation techniques do not require any
hyperparameter optimization.

B. Evaluation

In the following, we first introduce all XAI models and
techniques and describe their explainability and interpretability
capabilities in the context of the QoE modeling use cases. We
summarize the learned lessons based on our observations for
the QoE use cases. Afterwards in Sections VI-J and VI-K, we
conduct a quantitative performance and training time evalua-
tion jointly for all XAI models and techniques, feature sets,
and use cases and discuss the obtained results. In addition, we
also compare expert QoE models, e.g., ITU-T P.1203 for video
streaming QOE, to the data-driven models. The corresponding
results of these quantitative evaluations are summarized in
Tables X, XI, and XII.

C. Linear Models

1) Background: Linear models are inherently interpretable
models and are defined by a simple mathematical equation.
If we consider a regression scenario, we can apply Linear
Regression (LinReg):

fl@)=B+) ai-x 1)
i=1

The model is defined by its intercept 5 and the feature
coefficients «; for each of the features x;. Linear models
belong to the family of additive models, where the individual
feature effects are summed up along with a bias to obtain the
model output. As we will see throughout this work, additivity
is a fundamental property of many interpretable models and
post-hoc techniques.
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TABLE V: Overview on considered (XAI) techniques and models in this work.

Model/Technique Scope Interpretable Post-Hoc Explanation Task
Linear Regression (LinReg) [112] Global v X Additive Functions Regression
Logistic Regression (LogReg) [113] Global v X Additive Functions Classification
Decision Tree (DT) [114] Global/Local v X If-Else Rules Both
Local Interpretable Model-Agnostic Explanations (LIME) [115] Local X Model-Agnostic Any Interpretable Model Both
Anchors [116] Local X Model-Agnostic Matching Rules Classification
SHapley Additive exPlanations (SHAP) [117] Global/Local X Model-Agnostic ~ Additive Feature Attribution Both
TabNet [118] Local v X Feature Attribution Both
Symbolic Regression (SR) [119] Global v X Equations Regression
Kolmogorov-Arnold Network (KAN) [120] Global v X Additive Functions Both
Explainable Boosting Machine (EBM) [121] Global v X Additive Functions Both
Neural Additive Models (NAM) [122] Global v X Additive Functions Both
Random Forest (RF) [123] Black-Box X X X Both
eXtreme Gradient Boosting (XGBoost) [124] Black-Box X X X Both
Multilayer Perceptron (MLP) [125] Black-Box X X X Both

LinReg is usually trained with the mean squared error as
loss function. There exists a variety of extensions of LinReg,
e.g., Ridge regression or Lasso regression, which penalizes the
learned coefficients in one way or the other. Lasso regression
for example increases sparsity by regularizing the magnitude
of the coefficients, and therefore acts as some kind of addi-
tional feature selection technique.

For a binary classification scenario, we can use for example
Logistic Regression (LogReg) to obtain a linear classification
model. The difference between LinReg and LogReg is that the
output of the LogReg model f is in the end passed through a
sigmoid activation function g(z) = m, which maps
the regressed output on the interval [0, 1]. Using a threshold,
usually 0.5, the model is thus able to classify an instance as
belonging to class 1, otherwise as belonging to class 0. To
train a LogReg model, the binary crossentropy loss is used. If
we consider a multi-class classification scenario, multinomial
LogReg should be applied and the categorical crossentropy
loss should be used.

Interpretability of linear models is easily obtained by inves-
tigating the linear functions projected by the learned feature
coefficients and feature values.

2) Implementation: We use scikit-learn’s linear regression
model for the video streaming QoE dataset (regression task)
and scikit-learn’s logistic regression model for the web QoE
dataset (classification task). For both tasks, we normalize the
datasets to reduce the sensitivity of the parameters and thus
stabilize training.

3) Video Streaming: First, we start with the video streaming
QoE dataset. Fig. 5a depicts the learned linear functions for
each feature as well as the regression coefficients for each
feature. As with the main effects, the gray shades in the
background denote the density of the data, i.e., the normalized
number of samples available for a specific feature value.
Darker shades correspond to higher densities. The model
considers stalling events, total stalling duration, and quality
switches to have a negative impact with increasing values,
while an increasing avg. bitrate positively impacts the MOS.
Contrary to expectations, for the initial delay, there is also
a minor positive impact visible. The feature coefficients in
the bottom right sub-plot reveal that the avg. bitrate and the

number of stalling events have the highest influence on the
output as their coefficients have the greatest absolute value,
followed by total stalling duration and the number of quality
switches. In contrast, the initial delay does not seem to be that
important as its feature coefficient’s magnitude is small.

4) Web Browsing: Using LogReg we train a model on the
web browsing dataset. The characteristics of the model are
depicted in Fig. 5b. Here, we explicitly show the learned linear
functions per features and the output of these learned function
and not the actual output of the model. This non-normalized
output is usually called logits in ML. To obtain the subsequent
predictions and the classification probabilities, respectively,
the sum of the logits and bias must be passed through the
final sigmoid activation function. Due to the definition of the
sigmoid activation function, a negative input is going to return
a probability below 0.5 and therefore would be labeled as
0. When considering the figure, it becomes quickly evident
that the feature BIp;r dominates all other features in terms
of total impact and that an increasing Blpyp substantially
decreases the probability to obtain a label of 1, i.e., a high
QOoE rating of 4 or 5.

5) Lessons Learned: Linear models are easy to implement
and are quickly trained. They have the benefit of being easily
understandable due to the feature coefficients and in contrast to
main effects, they allow to model the relationship between the
dependent variable and multiple independent variables. On the
video streaming and web QoE datasets, the linear models also
performed reasonably as the obtained feature importances are
mostly in line with research. In particular, the linear models
correctly identified stalling events to have a severe negative
impact on QoE for the video streaming use case, and they also
correctly identified BIpr as most important feature for web
QoE. However, from research it is also known that the linear
models are not correct here [15], [80]. While linear models
remain a valuable benchmark for initial data exploration and
analysis to derive some simple trends, it is possible that we
might miss more important non-linear relationships in the data
due to their limitations. Therefore, linear models may not be
the best approach for all kinds of data and non-linear models
might be required.
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Fig. 5: Linear models.

D. Decision Tree

1) Background: Due to their simplicity, Decision Trees
(DTs) are nowadays very popular as interpretable models.
Well-known DT algorithms are ID3 [128], C4.5 [129], and
CART [114]. A DT is learned by recursively splitting the
training dataset into smaller subsets until no further splits are
possible. The algorithm starts by taking the current dataset
and searching for a feature and feature value which results in
the two purest subsets. To compute purity, impurity metrics
can be used, e.g., Gini impurity, entropy, or gain ratio. The
algorithm then splits the training dataset based on the feature
and the feature value and produces the new subsets S; and S,
If the subset is already pure or if there is no split possible,
the algorithm returns the current subset with a classification or
regression label as leaf. This training process now repeats for
the newly generated subsets S; and S, until all subsets return
a leaf. The loss function minimized during training is thus
the impurity sum of the subsets weighted by the number of
instances. Due to the splits of the data based on feature values,
the DT can be interpret in an if-else fashion later. Individual
decisions can be traced back by traversing the tree from the
root to the corresponding leaf node.

2) Implementation: We use scikit-learn’s DT classifier and
regressor based on the CART algorithm. We optimize the
model parameters maximum tree depth, splitting criterion, and
the number of maximally used features with three levels each
during 5-fold cross validation. The target metrics during cross-
fold validation are Fl-score for classification tasks and the
mean squared error for regression tasks. In the following, we
show DTs fitted on a maximum depth of 2 to increase intel-
ligibility of the model internals. For the actual performance
evaluations later on, we also consider trees of higher depths
and even unbounded trees. Entire trees can also be quickly
visualized. In this work, we visualize the individual DTs using
the Python library dtreeviz.

3) Video Streaming: Figure 6a shows the DT of depth 2
learned on the video streaming QoE dataset. On each tree level,
the figure shows at which feature value the model performed
the split (triangle), directly explaining the internals of the tree.
In the first split, the model splits the dataset by a total stalling

duration of 2.26 seconds, before it uses the number of stalling
events (2.5) and the avg. bitrate (0.15) to perform the next
splits. In the end, we for example see that the model predicts
a MOS of 3.6 if the instance’s total stalling duration is below
2.26 and less than 2.5 stalling events occurred during the
video session. These model decisions make sense from the
perspective of a domain expert, as both lower stalling events
and higher avg. bitrate should generally lead to better QoE.

4) Web Browsing: For the binary classification of the web
browsing dataset, we also depict a DT fitted for a maximum
depth of 2 in Fig. 6b. We can quickly see that for a classifica-
tion scenario dtreeviz indicates how many instances of a bin
belong to class 0 (red) and class 1 (blue). On the first layer,
the tree uses the feature JSBytes and a value of 0.07 to split
the dataset into new subsets. The first subset containing the
instances with JSBytes < 0.07 consists mostly of instances
with class 1, i.e., a QoE score of 4 or better, while the other
subset is more balanced with respect to the classes. In the
next splits, both times BIpr and a value of 0.47 is used for
splitting. The instances with a BIprp lower than 0.47 are then
assigned to leaves reflecting class 1. This split is reasonable
and in alignment with domain knowledge as well as with the
previous linear models in that the loading time influences the
class label the most.

5) Lessons Learned: In general, DTs are also trained
quickly, even with extensive hyperparameter optimization,
making them an efficient choice for many tasks. They are
easily interpretable and provide tools for visualizing model
structure and tracing prediction paths, offering clear insights
into model decisions.. However, if a DT is not properly
regularized, e.g., by limiting tree depth, the model is prone to
overfitting, leading to poor performance on unseen data. More-
over, interpretability decreases with increasing tree depth as
global explanations are no longer easy to derive. For example,
the best DT for the web QoE dataset had a depth of 23, making
it difficult to interpret it effectively. The main drawback,
however, is that a DT usually underperforms compared to more
complex models. Similar to linear models, though, DTs are
valuable tools for initial data exploration and analysis. Our
evaluation in the video streaming and web QoE use cases also
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Fig. 6: Decision Trees.

TABLE VI: Overview of LIME.

Step  Action

1 Select instance z; to explain

2 Perturb instance x; to generate new samples X

3 Use trained black-box model f to predict y from X

4 Create a new training dataset consisting of X and i

5 Weight the dataset samples with proximity function 7

6 Train interpretable white-box model g, e.g., linear model, on weighted dataset
7 Analyze explanations returned by interpretable model g

® Selected instance x;
@ Perturbed & weighted samples X
I fx)=0
[ fix)=1
== Decision boundary of g(x)
= gx)=0
+ =1

Fig. 7: An illustrative example for LIME.

showed that they align well with domain knowledge, where
they were also able to identify the critical features. Neverthe-
less, it is important to note that DTs serve as building blocks
for ensemble-based tree models, e.g., RF and XGBoost [124],
a state-of-the-art model for tabular data. While these models
are more black-box, they often show excellent performance.
Nevertheless, it is possible to interpret these ensemble-based
tree models by using post-hoc explanation techniques.

E. Post-Hoc Explainer

1) Background: Post-hoc explainers [43] are utilized to
explain various black-box models, e.g., neural networks or
tree-based ensembles, after they have been trained. In the fol-
lowing, we cover a selected set of perturbation-based post-hoc
explanation techniques, namely, LIME [115], Anchors [116],
and SHAP [117]. Both Anchors and SHAP build on top of
LIME, the oldest technique of the three. Therefore, we start
with introducing LIME, followed by Anchors and SHAP.

a) LIME: The idea behind Local Interpretable Model-
Agnostic Explanations (LIME) [115] is to train a white-box

model, which approximates the predictions of the black-box
model for a given instance. A model trained to approximate
another model is also called surrogate model. Table VI depicts
the general workflow of LIME and a specific classification
example is illustrated in Fig. 7. In the example, the red dot
denotes the instance z;, positioned relative to its feature inputs
on the axes, for which we want to understand how the black-
box model f derived its decision. The decision boundary of
f is illustrated by the gray and yellow background, indicating
predictions for class 0 and class 1, respectively. In the first
step, LIME generates a new dataset X by applying random
perturbations to x; (blue points). The kind of perturbation
applied always depends on the considered data type: for
images, random pixels are turned off; for text, individual words
are removed; and for tabular data, feature values are sampled
from a normal distribution based on the feature’s mean and
standard deviation. Next, LIME uses the black-box model f
to obtain predictions y for the perturbed dataset X. Using
X and y, LIME trains an interpretable, surrogate model g,
such as a linear model or a DT, to predict  from X. During
training, samples in X are additionally weighted according
to a proximity function 7, giving higher weights to samples
closer to x; (as illustrated by the size of the blue points). The
surrogate model g, here a linear model, can then be interpreted
to understand how the black-box model f actually derived its
decision. This is achieved by analyzing g¢’s linear decision
boundary (black line) and predictions (shown as - and +). In
this example, we learn that the distance between classes is
relatively small for instance z;, indicating that the instance
lies close to the decision boundary of f.

b) Anchors: Anchors (or scoped rules) [116] is from
the same authors as LIME. The idea behind Anchors is
to find rules, which Anchor the prediction of a black-box
classification model, i.e., we obtain a rule which fits many
instances and is not easily changed by other feature values.
Such rules consist of predicates, which can be interpreted in an
if-else fashion, e.g., # stallings = 0 and avg. bitrate > 1 Mbps.
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Fig. 8: Anchors.

We consider the conditional distribution of perturbed samples
for an instance, where the considered predicates remain fixed.
A predicate set is considered an Anchor if, for all perturbed
samples in the distribution, the same prediction (e.g., MOS
> 4) occurs with high probability, even if not all instances
adhere to the predicate set. To quantify the quality of an
Anchor, Anchors use both precision and coverage. Precision
simply states how often the Anchor actually matches, while
coverage states how many instances in the perturbed dataset
are covered by the Anchor. An Anchor with a precision of 0.8
and a coverage of 0.15 thus states that 15% of the instances in
the perturbed dataset are covered by this Anchor and in 80%
of these instances the prediction of the Anchor is correct.

However, finding the best Anchors is challenging as there
exists an exponential number of possible Anchors as the
number of predicates increases. By considering both precision
and coverage, this task can be framed as a combinatorial
optimization problem. To address this, Anchors leverage beam
search and reinforcement learning. Figure 8 depicts the general
workflow of identifying Anchors. The search for an Anchor
begins with an empty rule set. At each step, new predicates
are added to active sets, and their precision is evaluated.
As the precision computation is intractable, reinforcement
learning is used to approximate it. To avoid to select only
the current best rule to continue with and miss out on better
rules later, beam search identifies the best set of rules based on
computed precisions. If multiple rules have the same precision,
those with higher coverage are preferred. Once the search
is complete, the best Anchor is returned. Anchors provides
interpretability by revealing the features the model relies on
for a given prediction, along with relevant feature ranges.

c) SHAP: SHapley Additive exPlanations (SHAP) [117]
is nowadays one of the most popular post-hoc explainers.
The authors of SHAP identified that several already existing
techniques like LIME, DeepLift [130], Layerwise Relevance
Propagation [131], and Shapley values [132] also possess the
property of additivity. They also showed that these additive
feature attribution methods have a unique solution with three
desirable properties, but that existing approaches did not fulfill
these. These properties are local accuracy, i.e., the explanation
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Fig. 9: An example for the SHAP computation.

model must match the output of the original model, missing-
ness, i.e., missing features in the input should have no impact
on the explanation, and consistency, i.e., the explanation
value must consistently change with the contribution (e.g.,
an increase in the attribution results in an increase in the
explanation value). Interestingly, Shapley values from game
theory provide this unique solution.

SHAP computes the contribution of a feature (its SHAP
value) by comparing the model’s predictions when includ-
ing and excluding a feature across all possible feature sets.
Figure 9 illustrates this process with three features: Initial
Delay<3s, Stalling Duration<1Is, and Bitrate<300kbps. With
three features, there exist 23 = 8 possible feature subsets. At
the first level, we start with the empty subset, where none
of the features are present, and where the black-box model
predicts a MOS of 3.62, the average prediction across all
instances. At the second level, subsets of size 1 are created
by adding the individual features and recomputing the MOS
for all subsets. This process is repeated for the third and the
fourth level.

Next, we show how the SHAP value for the feature initial
delay<3s is computed. The process begins by first calculat-
ing the marginal contributions when the feature is added to
a feature subset. A marginal contribution is the difference
in the model’s output (MOS) when the feature is included
versus excluded from feature subsets. To identify the marginal
contributions, we look for edges in the figure where the target
feature is added to a subset (identified ones are marked with
blue arrows). For example, when moving from the empty
subset to the subset including only the target feature, the
marginal contribution is 3.92 — 3.62 = 0.30. Each marginal
contribution is additionally weighted to account for the number
of possible feature combinations. The weights are derived
by counting the (hypothetical) number of edges between the
different levels in the figure. We have three possibilities to
derive feature subsets of size 1 when starting from the empty
subset. Subsequently, the weight for each of these edges is
%. Starting from the feature subsets of size 1, we have six
possibilities in total to end up in the respective feature subsets

of size 2. Consequently, the weight is + for each edge. For

6
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Fig. 10: SHAP values.

the last feature subset, there are again three possibilities,
so the weights are % By summing all weighted marginal
contributions, we obtain the SHAP value for the target feature.
In this example, the SHAP value of Initial Delay<3s is 0.32,
meaning the MOS increases by 0.32 when the initial delay
is kept below 3 seconds. Similarly, the SHAP values for
stalling duration<lIs (0.72) and bitrate<300kbps (-0.41) can
be computed. Here, the SHAP values indicate that stalling
durations below 1 second have a strong positive impact on the
MOS, while low bitrates significantly decrease it.

Computing SHAP values, therefore, requires multiple model
predictions for each subset, both with and without the feature
under consideration. This computation can be expensive, espe-
cially for larger models or when dealing with a high number
of features. One reason for the popularity of SHAP nowadays
is thus that the authors found ways to significantly speed
up the computation. The authors proposed Kernel SHAP,
which approximates Shapley values by adapting LIME. They
identified the optimal settings of LIME, i.e., loss function
and weighting function 7 and were thus able to approximate
Shapley values with a linear model g. The coefficients of g
then correspond to the SHAP values ¢; and the intercept of g
to ¢o. The authors also proposed other approximations for
other use cases, e.g., Deep SHAP. Another reason for the
popularity of SHAP is also Tree SHAP [133], which efficiently
computes Shapley values by traversing the grown tree and
averaging the marginal contributions of the nodes.

2) Implementation: For the computation of SHAP values
we use the Python package shap [134]. As black-box model,
we use XGBoost, which we first train on the datasets of the
use cases each. As we apply SHAP on top of XGBoost, we
use the provided Tree SHAP modules. For the computation
of the Anchors, we use the Python package anchor-exp [135]
and apply the tabular explainer to the web QoE dataset.

3) Video Streaming: Next, we explain the XGBoost
model’s internals as described by SHAP values. Figure 10a
shows how MOS or SHAP values, respectively, are affected
by different feature values. The obtained SHAP value on the y-
axis represents how a single instance with a given feature value
differs from the average of the entire dataset. For example,
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TABLE VII: Exemplary Anchors for web QoE dataset.
If Predict Precision Coverage
JS Bytes < 0.3 1 0.98 0.76
Blprpr > 1.02 1 0.99 0.75
TTFB > 0.29 1 0.99 0.25
BIprr < 1.02, Protocol=HTTP/2 0 0.11 0.04

considering F1, stimuli with an average bitrate below 1 Mbps
show a MOS that is around 1-2 points lower on average than
the average MOS of all stimuli. Although SHAP value plots
resemble traditional main effect plots, they have the advantage
of implicitly accounting for feature interactions.

We notice that the SHAP values of the average bitrate show
a strong monotonic trend, thus indicating the importance of
this QoE factor. When we consider the initial delay (F2),
we observe SHAP values centered around 0, i.e., negligible
impacts on MOS. For the number of stalling events (F3) and
the number of quality switches (F5), there are also only minor
negative linear trends visible. In contrast, the total stalling
duration (F4) has a stronger negative impact with increasing
stalling duration, which comes as expected. On the bottom
right, a summary over the SHAP values per feature is shown.
The figure shows the effect of the individual SHAP values
for the features F1-F5 (indicated on the y-axis) on the MOS
(indicated on the x-axis). The darker the color, the higher the
feature value. This once again clearly confirms the previously
observed trends. We remark that the SHAP values in our
figures show some variance, e.g., cf. F4 between 10 and
20 seconds, and thus, are not very accurate and difficult to
interpret in mathematical terms.

4) Web Browsing: Next, we aim to explain the internals of
an XGBoost model trained on the web browsing dataset. We
show the obtained SHAP values in Fig. 10b. We can observe
that Blprr (F1) shows the easiest to interpret and a very
similar trend to the trend derived by the logistic regression
model. While total bytes (F2), TTFB (F3), and JS bytes (F5)
do not show a clear trend, the feature protocol (F6) has no
effect at all, and was thus omitted from the plot. Only the
feature number of domains (F4) shows a slight positive trend
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for an increasing number of domains, i.e., the more domains
have been accessed by a website the better the QoE. Accessing
more domains potentially results in downloading more CSS
style files, images, or other assets and may therefore be more
appealing to the end-user even if loading times are as slow as
for other websites.

As we consider a binary classification scenario here, we can
also apply Anchors to the learned models. Some exemplary
rules obtained after applying Anchors to the XGBoost model
are listed in Table VII. We can see that the simple rules
JSBytes < 0.3 and BIprr > 1.02 have a high precision of
98% and 99%, and a coverage of 76% and 75%, respectively,
and always predict a MOS of 4 or 5. While the first rule seems
reasonable, the second rule with Blpy7 is counter-intuitive
and contradicts our domain knowledge, since higher page
load times should not result in a higher QoE. The results are
thus misleading as high precision and coverage are suggested
for an instance, but in reality the metrics concern only the
perturbation space, i.e., artificial data, not the original data
space. If we revisit the original data, we observe that only a
small number of instances is actually close to this very limited
value range. If we consider other rules, we observe that for the
majority of data, Anchors could not find any rules with high
precision, where the original data range is also large, e.g., rule
4. As a consequence, this rule has limited explanatory power.

5) Lessons Learned: Post-hoc explanation methods, such
as LIME, Anchors, and SHAP provide valuable insights into
black-box models by reporting feature importance and deci-
sion boundaries. The usage of such techniques is particularly
reasonable when explanations are required for an already
trained black-model at a later stage. However, these techniques
also introduce additional computation overhead, especially
with SHAP, where the number of required model predictions
grows exponentially with the number of input features and
samples. While SHAP provided explanations in line with pre-
vious models and offers tools to easily generate visualizations
through its API, it comes at the cost of increased computation
time. In contrast, Anchors often produced rules that were not
only difficult to interpret but also misleading likely due to
the fact that Anchors works on a perturbed data space rather
than the actual dataset. Given these limitations, we argue that
inherently explainable models may be the better choice for
data-driven QoE modeling, particularly for scenarios, where
modeling pipelines are not yet in place.

F. TabNet

1) Background: Usually, tree-based models like XG-
Boost [118] clearly outperform neural networks on tabular
data. TabNet was introduced as the first neural network
architecture able to compete on tabular data with XGBoost.
Its sequential attention mechanism enables step-wise feature
selection through masking, providing explainability by high-
lighting the features influencing each prediction. Figure 11
depicts the internals of TabNet on an abstract level. During
each decision step, two black-box functions, i.e., the neural
subnetworks Feature Transformer and Attention Transformer,

Attention Transformer = AT Feature Inputs —

Feature Transformer = FT Attention Flow

@ Mask Computation — =+

Mask for step i

Decision Step 1 Decision Step 2

f > Output
E I I * I —» Outpu
FT FT i FT 1
[ ] [ |
r T v Feature
Features - = = = = Attribution

Fig. 11: TabNet.

are used. The Feature Transformer transforms the masked
features of the current step and splits the output into a decision
step output (black line on top) and an additional information
output (yellow line). In each decision step, the Attention
Transformer uses this additional information output of Feature
Transformer to compute a mask M;, which determines which
features should be considered in the current step. The original
input features are thus multiplied with the mask and passed
to the Feature Transformer again. The final model output
is then obtained by summing the decision step outputs and
passing the obtained logits through a final activation layer,
e.g., sigmoid activation. All explainability of TabNet stems
from the learning of the masks for each decision step. By
multiplying the decision step output with the learned mask
of each corresponding step and summing over these outputs,
TabNet obtains a feature attribution map in the end, which can
be used to peek into the model.

2) Implementation: A PyTorch implementation of TabNet
is provided in the Python package pytorch-tabnet [136]. Dur-
ing hyperparameter optimization, we optimize the learning
rate, the number of decision steps, the number of neurons
used for Feature Transformer and Attention Transformer, and
the relaxation factor, which states the coefficient for feature
reusage in the masks. One advantage of TabNet is that no
normalization is required with this model, so we explicitly do
not normalize the data here.

3) Video Streaming: We depict the feature attribution map
learned by TabNet on the video streaming QoE dataset in the
bottom right of Figure 12a. The x-axis denotes the features and
the y-axis depicts each instance of the training dataset in form
of a horizontal bar. These horizontal bars are colored feature-
wise according to the feature importance of the individual
features of the instances. The darker the line, the more
important TabNet considered the feature for its prediction.
We can observe that TabNet focuses mainly on the features
avg. bitrate (F1) and the number of stalling events (F3) for
all instances (dark red vertical bars), while it deems the other
three features as significantly less important. We additionally
illustrate in the other figures how the feature importance of
TabNet varies when the individual feature values increase or
decrease, respectively. In alignment with the heatmap, we see
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Fig. 12: TabNet.

that the feature importance for the avg. bitrate (F1) and the
number of stalling events (F3) is close or above 0.5, while
the other features show values close to 0, in particular the
initial delay (F2). While the feature importance for the avg.
bitrate stays similar with increasing bitrates, it increases for the
number of stalling events significantly. For six or more stalling
events, TabNet uses more than 90% of its feature importance
for the number of stalling events. As a consequence, we realize
that the model understood from the data that many stalling
events are a sufficient indicator for a low QoE.

4) Web Browsing: The TabNet model explanations obtained
for the web browsing dataset are shown in Fig. 12b. In contrast
to the video streaming QoE dataset, the feature importance
heatmap looks less conclusive. The investigation of the feature
importance variation shows some more interesting insights.
An increasing feature value of Blp;r (F1) also results in an
increased feature importance, indicating that the model under-
stood that higher loading times result in a lower probability
of obtaining a QoE of 4 or 5. Also, larger web pages with
respect to the total bytes (see F2) result in a higher feature
importance for this feature.

5) Lessons Learned: Compared to previous models, Tab-
Net’s training process, along with hyperparameter tuning, is
more computationally intensive and time-consuming (cf. Sec-
tion VI-K). TabNet provides interpretability by providing both
local and global explanations through feature attribution maps
generated by the attention mechanism, offering insights into
the model’s decision-making process. An additional feature
of TabNet, not discussed yet, is the fact that it supports self-
supervised pre-training. For this purpose, TabNet masks spe-
cific feature entries and attempts to reconstruct these masked
feature entries using the context provided by the unmasked
feature entries. This pre-training approach reduces the depen-
dency on large datasets and allows to achieve comparable per-
formance with fewer samples. Despite the resource demands,
the model offers good performance and data efficiency, and
subsequently makes it a valuable model for data-driven QoE
modeling where feature importance and the ability to work
with limited labeled data are crucial. While TabNet’s heatmaps
provide valuable insights in terms of feature importance, they
are often less interpretable than explicit rules, which are easier

for stakeholders and non-experts to understand.

G. Symbolic Regression

1) Background: As the name suggests, Symbolic Regres-
sion (SR) works only for regression tasks. SR is usually based
on the principles of evolutionary algorithms [119], [137]. Its
goal is to derive a symbolic equation, consisting of an arbitrary
number of independent variables and arithmetic operators,
which best fits the data with respect to the dependent variable.
The term best hereby refers to a trade-off between the degree
of complexity, i.e., the amount of independent variables and
operators required for the equation, and the obtained loss using
an arbitrary loss function, e.g., Mean Squared Error (MSE).
Thus, learning such equations is a multi-objective optimiza-
tion problem where prediction error and equation complexity
should be kept as low as possible. The final symbolic equations
are hopefully understandable to humans and thus by design
interpretable. However, the degree of interpretability decreases
with increasing equation complexity.

Figure 13 depicts the general, simplified process of learning
symbolic equations, here in detail with PySR [137]. First of
all, there exists a population of individuals, here symbolic
equations, e.g., —0.54-In(t)+7.90 or t24-0.3. These symbolic
equations are internally represented by trees as shown in
the lower left of the figure. Evolutionary algorithms work
iteratively until a criterion is met or the total number of
rounds has been exceeded. Each round looks as follows:
First, a random subset of the current population is sampled.
Then, a tournament is executed where the performance of the
selected samples is evaluated with a fitness (loss) function.
The fittest expressions are then copied to the next stage, the
offspring generation. Here, random mutation operators are
applied to the expressions. PySR implements simplification,
constants optimization, a simple mutation, and crossover. Dur-
ing simplification, PySR tries to reduce equation complexity
by removing redundant parameters. In this exemplary case,
nothing changes in the equation. With constants optimization,
PySR tries to improve the equations by finding better constant
values resulting in a higher fitness. During mutation, a random
operator is changed. In the example, the operator + is flipped
to —, thereby creating a new expression. For crossover, two
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TABLE VIII: Best performing rules with symbolic regression.

Equation MSE  Complexity
1 0.604 0.036 1
2 tanh(F1+ 0.552) 0.028 4
Video 3  tanh(0.518 +1.336 - F'1) 0.028 6
4 0.722 — 0.397 - exp(—16.861 - F'1) 0.021 8
5 0.353+ (tanh(—11.144 - F1) - (F4 — 0.407))  0.018 10
1 0.4999 0.250 1
2 (F1-0.773)2 0.238 4
Web 3 0.717-exp(—8.745 - F'1) 0217 6
4 exp(F4 —9.277) - (F1+ 0.037) 0216 8
5 tanh(F4+0.677) - exp(—10.411 - F'1) 0.215 9
6 0.213- F4 + exp(—13.979 - F1) —0.370 0.212 10

expressions are randomly combined to a new one. In the
example in the figure, 2 4+ 0.3 and —0.54 - In(t) + 7.90 are
merged to —0.54 - In(t) + t2 by merging the first terms of
both expressions. The generated offsprings are finally added
to the population and the weakest expressions are removed
from population before a new tournament phase starts. In
PySR, complexity is defined as the number of nodes in
an expression tree regardless of content. The complexity of
constants and operators can be arbitrarily defined (default is 1
for all operators, constants, and instances of variables).

2) Implementation: In this tutorial, we use PySR [137]
to derive symbolic equations. We allow the additive and
multiplicative binary operators as well as the unary operators
exp, log, tanh, and square only.

3) Video Streaming: We train the model on the video
streaming QoE dataset for 10,000 evaluations. The five best
performing rules for the expert feature set obtained after
training PySR on the video streaming QoE dataset are shown
in Table VIII. We see that rule 1 is very simple and solely
consists of a constant value, the normalized MOS of the entire
dataset. The rules 2 and 3 both use the tanh function, the
avg. bitrate (F1) as feature, and some factors and constant
values. While the rules 1-3 have low complexity and are thus
easily understandable, rules 4 and 5 have higher complexity

and are thus less easy to interpret, even though they better
fit the dataset. Interestingly, rule 5 considers the total stalling
duration (F4) as most important feature after avg. bitrate (F1).
The most reasonable rules to use in practice would be likely
rules 2 and 3 as they are easy to interpret.

4) Web Browsing: For the web browsing QoE dataset,
we reformulate the original task of binary classification to a
regression task, i.e., we use the labels of 0 and 1 as target
variable, and again evaluate 10,000 evaluations. The six best
performing rules for the data-driven feature set obtained after
training PySR on the web browsing QoE dataset are shown
in Table VIII. Again, we have a constant value of 0.4999,
which results in a model predicting class O only (after rounding
0.4999 we obtain 0). Rule 2 is a quadratic function and rule
3 is an exponential function both based on Blppr (F1).
The remaining rules (4-6) all utilize both BIp;r (F1) and
the number of domains (F4) and relate them using linear,
exponential, or tanh functions. For these three rules complexity
is also again high (8+) and they are thus more difficult to
interpret. Domain knowledge tells us that the most likely rule
to really match is rule 3 where the loading time Blppr is
mapped according to the IQX hypothesis.

5) Lessons Learned: Using SR to obtain valuable symbolic
equations is a complex task as extensive hyperparameter
tuning is required. While its algorithmic flexibility broadens
its applicability to diverse domains, ensuring proper penalties
for unary operators (e.g., logarithmic or exponential function),
binary operators (e.g., multiplication or addition), and other
operators is critical to achieve an excellent trade-off between
performance (loss) and complexity. Moreover, overly nested
expressions must be avoided to preserve interpretability. In
our experiments, only one valuable rule (rule 3) emerged.
This rule, characterized by a few operators and features
only, was easy to interpret and thus practical for real-world
deployments. However, the fact that only a single reasonable
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rule could be identified, highlights the difficulties of acquiring
meaningful and practical equations with SR. Further, none
of the rules generated for the video streaming QoE use case
effectively captured and modeled the impact of stalling events,
a key video streaming QoE influence factor. These limitations
generally question SR’s suitability for QoE modeling.

H. Kolmogorov-Arnold-Network

1) Background:  The  Kolmogorov-Arnold Network
(KAN) [120] is the most recently proposed model in this
work and is considered as an interpretable, parameter-efficient
alternative to Multilayer Perceptrons (MLPs) by the authors.
It is based on the Kolmogorov-Arnold-Theorem, which states
that any multivariate continuous function f can be represented
using a composition of univariate continuous functions of a
single variable and the binary operation of addition.

Like MLPs, KANSs also build a graph or network and thus
consist of nodes and edges. In contrast to MLPs, where the
nodes have learnable parameters and where the edges activate
the node outputs using fixed non-linear activation functions,
KANSs perform the binary operation of addition on the nodes
and they learn the activation functions on the edges. Using
this approach, the authors were able to generalize the theorem
to the machine learning domain. They also introduce the
notion of KAN layers, and show that it is possible to increase
the depth of the network by stacking multiple KAN layers.
The 1D activation functions are learned by approximating
the true function with piece-wise polynomial functions (b-
splines) in arbitrary grid intervals (similar to bins). These
grid intervals depend on a hyperparameter g, which controls
whether activation functions are allowed to be more fine-
grained (a large g and small intervals) or more coarse-grained
(a small g and large intervals).

Interpretability of KAN is manifested by the learned acti-
vation functions, which clearly describe how the inputs are
activated, and from the simple binary operation of addition.
However, as with DTs, it is difficult to interpret the model,
when the number of layers increases. To ease this understand-
ing, KAN also provides sparsity regularization and pruning
techniques to keep the networks as compact as possible. The
second aspect of interpretability comes from the fact that KAN
can be used for SR. KAN allows to fit the learned activation
functions to symbolic functions, e.g., log, exp, 2, and then
use these functions to generate a SR formula.

2) Implementation: For the implementation of KAN, we
use the official Python package pykan [138]. During training
we put more focus on interpretability and less focus on
performance. As recommended by the authors of KAN, we
thus introduce sparsity by increasing regularization during
training and start the training with a small ¢g and increase g
every 50 epochs. After training, we prune the network and fix
the symbolic functions, i.e., we fit each activation function to
a pool of allowed functions. This pool consists of the linear
identity function (z), the squared function (2%), the exponential
function (exp(x)), the logarithmic function (log(x)), and the
hyperbolic tangent function (tanh(z)). We formulate both the

video streaming and web QoE dataset as regression problem.
For the web QoE dataset, we observed a better performance
with the regression formulation (one output, a threshold of
0.5 determines the class as with logistic regression, and the
model is trained with the mean squared error) than with
the classification formulation (two outputs, and the model is
trained with cross-entropy loss).

3) Video Streaming: We depict the resulting KAN for the
video streaming QoE dataset in Fig. 14a. In the first layer on
the bottom, the five expert features F1-F5 (avg. bitrate, initial
delay, number of stalling events, total stalling duration, and
number of quality switches) are fed into the network. While
F1 and F4 have an outgoing connection to the node of the
second layer, F2, F3, and F5 do not have such connection.
This states that these features have been pruned as KAN
determined that they are less relevant to the output. On the
edges between the first layer and the second layer, the fitted
activation functions for F1 and F4 are shown. The activation
function for the average bitrate has been fitted with the tanh
function, while the activation function for the total stalling
duration has been fitted with the log function. Considering the
activation function of the avg. bitrate (F1) now, we see that the
activation starts from O for low bitrates and increases quickly
for higher bitrates until the plateau of 1 is reached. This is
in line with previous and following models and indicates that
there is no gain in QoE possible after a specific bitrate was
reached. For the total stalling duration (F4), we can see the
opposite behavior, where a low total stalling duration results
in high activated outputs, thus a higher QoE, but that there is
a rapid decrease in the activated output as soon as the total
stalling duration increases until the plateau of 0 is reached.
Considering the final activation function, i.e., the activation
function which takes the sum of the outputs of F1 and F4
as inputs, we observe that the resulting outputs, i.e., MOS,
follow a slight linear or sigmoid function. This means that
higher activated outputs of F1 and F4 also lead to a higher
MOS and vice versa.

4) Web Browsing: The learned model for the web QoE
dataset is shown in Fig. 14b. We can see that from the six used
features on the bottom only the feature F1 (BIpr7) remains
after pruning. The resulting activation function of F1 could
be mapped to the tanh function. If we consider the activation
function of F1, we can see a high output for low Blppr
and that an increase of Blppp results in lower outputs and
subsequently a prediction of the bad QoE class. We can see
that the final activation function also follows the tanh function
and that its activated output is for inputs below 0.9 identical
to 0, but that for inputs higher 0.9 the activated output quickly
rises to 1. Note that to obtain the binary class model prediction
the final output is transformed to 1 for outputs higher than 0.5
and transformed to O otherwise (with a threshold of 0.5). All
these findings are in line with research and state that loading
times are relevant for web QoE only and that these loading
times should be kept low to obtain good QoE.

5) Lessons Learned: KAN seems to be a promising solu-
tion to explainable, data-driven QoE modeling as it is trained
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Fig. 14: Kolmogorov-Arnold-Network.

quickly and can be interpreted easily. Further benefits of KAN
are the automated optional mapping of activation functions to
symbolic functions, which facilitates mathematical interpreta-
tion and bridges the gap between SR and neural networks, and
the sparsity regularization and pruning techniques to reduce
equation complexity. This allows KAN to identify meaningful
relationships in the data, while providing rules similar to
SR. In our experiments, we observed that KAN reasonably
captured the impacts of the average bitrate and the total stalling
duration for the video streaming QoE and the impacts of
Blprr for web QoE, consistent with other models and QoE
research. However, we also found that most of the resulting
equations were extremely difficult and challenging to interpret,
particularly with increasing network depth. An additional
drawback of KAN is the huge parameter space which requires
careful tuning. Overcoming these challenges is fundamental
for achieving a good trade-off between model performance
and interpretability with KAN. Nevertheless, KANs are still
in their infancy and can be expected to develop further in the
future. These developments could make KAN a more robust
option for QoE modeling in the future.

1. Generalized Additive Models

1) Background: A Generalized Additive Model (GAM) is
a generalized linear model in which the model output is
computed by summing up each of the arbitrarily transformed
input features along with a bias [122]. Thus, GAMs can be
described by

g(EW) =B+ filw), )
i=1

where z; is the i*" input feature of n total features, f; is
a univariate arbitrary predictor function for feature ¢, y is the
target variable, and g is the link function. The link function g
relates the expected value of the target variable to the learned
predictor functions f; to f,. The form of a GAM enables
a direct interpretation of the model by analyzing the learned
functions f; to f, and the transformed inputs, which allows to
estimate the influence of a feature. In this work, we utilize two

TABLE IX: Overview of EBM internals [139].

Step  Action
1 Select the first feature
2 Train a very small tree using the selected feature only
3 Update residuals
4 Iterate through remaining features and repeat steps 2 and 3
5 Perform multiple iterations of steps 1 to 4
6 Collect the outputs of all trees for each feature’s inputs
7 Build predictor functions based on inputs and collected outputs
8 Interpret predictor functions

state-of-the-art ML-based GAMs to model video streaming
QoE, namely, EBM [121] and NAM [122].

a) Explainable Boosting Machine: Explainable Boosting
Machine (EBM) is based on DTs and gradient boosting [139],
[140]. In gradient boosting, a model consists of multiple weak
models, such as DTs, that iteratively improve predictions by
reducing errors from previous models. The training process
of EBM is shown step by step in Table IX. In each step, a
small tree is trained for each feature separately, starting with
the first feature and continuing in round-robin fashion. The
residual (error) of the small tree for the first feature is passed to
the next feature, where another small tree is trained to reduce
the residual. The learning rate is so small that the order of
the features has no impact. After training on all features, the
next iteration begins, with a new set of small trees trained
for each feature to further reduce the residual error. After n
training iterations, the trees for each feature jointly provide
predictions, allowing construction of the predictor functions f;
for each feature. Then, the trees are no longer needed and the
predictor functions are sufficient to express the model. Due to
the model’s additive nature, it is easy to understand how EBM
derives its output using the inputs and outputs of the predictor
functions. EBM further extends GAM by also considering
additional pairwise feature interaction terms (3 fi ;(zs, ;)),
which are added on the right side of the GAM equation, while
maintaining explainability.

b) Neural Additive Model: In contrast to EBM, the
Neural Additive Model (NAM) utilizes neural networks as
predictor functions f;. The architecture of NAM is depicted in
Fig. 15. The feature inputs x; to z,, are separately passed to
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Fig. 15: Architecture of Neural Additive Model.

the corresponding neural networks, represented by f;, i.e., each
feature input has its own neural network. The neural networks
each take the single feature value as input and transform it
(with the help of hidden layers) to a single output. These
outputs are summed together with a (learnable) bias to obtain
the model output (for a regression task). If we want to perform
classification, the model output has to be passed through an
additional activation function, e.g., sigmoid activation function
to perform binary classification. The transformation within
each neural network is what the model actually learns to
improve its predictions. As with EBM, the model can be easily
interpreted due to its additive nature when considering the
feature inputs and the outputs of each predictor functions.

2) Implementation: For our experiments, we use the EBM
implementation of the Python package interpret from Inter-
pretML [140]. For EBM, we test several hyperparameters
during cross-validation. For NAM, we utilize the original
TensorFlow code provided by the authors of NAM [141] and
adapt it to our needs. We optimize the number of neurons in
each layer, the number of layers, dropouts, and the learning
rate during hyperparameter optimization.

3) Video Streaming: Figure 16a shows the learned predictor
functions for the best set of hyperparameters for both EBM
(green) and NAM (blue) on the video streaming QoE dataset.
The findings are mostly in line with SHAP values, but both
models provide much smoother predictor functions and are
thus easier to interpret. EBM and NAM differ only marginally
and mostly in areas where the data density is low. Here, EBM
outperforms NAM (cf. Table X) by overfitting on single data
points. We can see this, for example, for a high total stalling
duration and a high number of quality switches, where at some
point EBM stops the negative trend and strongly contrasts its
previous trend to improve predictions for extreme outliers.

Using the smooth predictor functions, it is easy to apply
curve fitting. In the bottom right plot, we fit the average
bitrate predictor function of NAM, which was shifted by
the average MOS of the dataset to obtain the original MOS
scale on the y-axis, on an inverted x-axis using exponential
(IQX), logarithmic (WQL), and linear functions (LIN). Note
that this constitutes a univariate mapping of average bitrate
to MOS, neglecting the other influencing factors. We observe

that our predictor function follows the WQL hypothesis [70]
(red) with a high R?> = 0.967. This is in line with the
mechanics of P.1203, where the authors of [142] showed the
same logarithmic behavior for the bitrate in mode O.

4) Web Browsing: For the web browsing use case, we show
the obtained predictor functions for both NAM (blue) and
EBM (green) in Fig. 16b. First of all, we observe that the
predictor functions for EBM are fluctuating strongly, thereby
not allowing any reasonable interpretation. Again, the model
strongly overfits, thereby increasing performance, but losing
interpretability.

In contrast, NAM shows again easy to interpret predictor
functions. It is shown that total bytes, JS bytes, TTFB, and
the HTTP protocol have a negligible mostly constant effect on
the model output. In contrast, BIp; affects the model output
strongly negative. This predictor function consists of two linear
functions with different slopes. We observe a stronger negative
slope for a BIprr range of O to 5 seconds, compared to
the range of 5 to 40 seconds and beyond. Interestingly, NAM
also attributes a small linear positive effect to the number of
accessed domains. Remember that SHAP values showed the
same behavior in Fig. 10b.

5) Lessons Learned: GAMs provide easy to interpret non-
linear, additive functions that effectively explain fundamental
relationships between QoE factors and MOS, aligning with
previous data-driven models. The GAMs’ univariate predictor
functions allow for easy interpretability. Further, curve fit-
ting can be applied to those functions, as demonstrated for
the video streaming QOE use case, to integrate theoretical
hypotheses into the modeling process. For these reasons,
we consider GAMs as highly suitable for explainable, data-
driven QoE modeling. Due to their ability to capture feature
interactions, EBMs are more powerful than NAMs in certain
scenarios. However, this power comes at the cost of over-
fitting and thus reduced interpretability, especially in sparse
data regions. Moreover, EBM lacks the flexibility of neural
networks and stochastic gradient descent as provided by NAM.
These properties make NAMs better suited for context-specific
modeling, managing uncertainty, and enabling collaborative
learning. On the other hand, the major limitation of GAMs
is the assumption that the target variable can be expressed as
the sum of univariate predictor functions. If this is not the
case, GAMs will not be able to capture the true underlying
relationships. Summarizing, we identify NAM as most suitable
solution to achieve data-driven, explainable QoE modeling.

J. Benchmarking

Next, we perform a benchmarking of the trained models
for the different use cases and feature sets. In addition to the
interpretable models and QoE expert models, we also con-
sider XGBoost, RF, and MLP as baseline black-box models.
Table X shows the performance of the ML and expert models
per feature set for the video streaming QoE use case. For
the differences between the feature sets, refer to Section V-A
above. To describe the goodness of fit of the regression models,
we use the Root Mean Square Error (RMSE) and the Mean
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Fig. 16: Generalized Additive Models.

Absolute Error (MAE) on the MOS range, which should be as
small as possible, and the coefficient of determination (R?),
which should be close to 1, but which is also unbounded to
negative infinity. Note again that HoBfeld and Mok (marked
with an asterisk * in the table) do not consider adaptive video
streaming.

The table shows that almost all ML-based models out-
perform even the best expert model P.1203 in our dataset.
However, this is no surprise since the ML models are fitted
directly to our dataset. Nonetheless, the expert QoE models
could have been expected to generalize well over unseen data.
For both feature sets, we can also see only marginal differences
in both directions. This indicates that the data-driven choice
of the feature set was an excellent one for our dataset. Finally,
we observe that all XAI models perform worse than the black-
box models, indicating that explainable models suffer a minor
performance loss.

The performance of the ML-based and expert web QoE
models is shown in Table XI. Here, we use accuracy, precision,
recall, and F1-score as evaluation metrics as we have a binary
classification task (performance close to 1 is desired).

We observe that all tree-based models (DT, RF, XGBoost)
overfit the data and provide scores of 1.0 for each metric. In
contrast to the strongly heterogeneous video QoE dataset, the
tree-based models can easily learn the relationships between
features and label, which comes as expected. In contrast,
TabNet is not able to capture the relationships at all. It
provides the lowest scores (Fl-score: 0.29, expert features)
for all considered models. Considering LogReg and NAM, we
observe a similar mediocre performance in terms of evaluation
scores (Fl-score of 0.70). However, we also see that these
models perform better than the actual expert QoE models (F1-
score of 0.60). EBM outperforms NAM with a Fl-score of
0.93 again strongly. This also comes as expected as EBM is
better able to overfit on the data. Overall, the differences in
performance between the data-driven and expert feature sets is
marginal indicating again that the data-driven feature selection
worked well.

TABLE X: Performance comparison of data-driven and expert
video streaming QoE models for different feature sets.

Data-Driven | Expert

Model RMSE MAE R? | RMSE MAE R?

P.1203 - - - 061 047 035
HoBfeld* - - - 162 144 357
Liu - - - 177 163 -445
Mao - - - 073 061 035
Mok* - - - 088 073  -0.35
Petrangeli - - - 1.62 1.44  -3.57
XGBoost 025 015 089 | 023 0I5 090
RF 028 021 086 | 027 019 087
MLP 047 037 061 | 046 035 063
LR 061 049 036 | 060 048 038
DT 060 047 036 | 060 046 037
TabNet 049 038 058 | 049 038 058
SR 057 046 042 | 057 046 042
KAN 051 040 048 | 050 039 051
EBM 043 034 067 | 042 032  0.69
NAM 051 040 054 | 050 039 056

TABLE XI: Performance comparison of data-driven and expert
web QoE models for different feature sets with respect to
accuracy (A), precision (P), recall (R), and F1-score (F1).

Data-Driven | Expert

Model AP R Fl| A P R F

1QX - - - - 0.67 059 0.67 0.60
WQL - - - - 0.67 059 067 059
XGBoost 1.00 1.00 1.00 1.00 | 1.00 1.00 1.00 1.00
RF 1.00 1.00 1.00 1.00 | 1.00 1.00 1.00 1.00
MLP 0.70 073 070 0.71 | 0.71 0.71 0.71 0.71
LogReg 071 071 071 071|070 070 070 0.70
DT 1.00 1.00 1.00 1.00 | 1.00 1.00 1.00 1.00
TabNet 042 0.68 043 039 | 037 067 037 029
SR 030 0.15 050 030 | 030 0.15 050 0.30
KAN 0.66 0.67 066 0.65 | 0.65 066 0.65 0.65
EBM 093 093 093 093 | 093 093 093 093
NAM 071 072 071 026 | 0.68 0.71 0.68 0.69
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TABLE XII: Estimated model training times.

Model Level Hardware  Min [s] Max [s]
XGBoost  Fold GPU 0.10 0.50
RF Fold CPU 0.01 0.60
MLP Epoch GPU 0.35 1.05
LinReg Overall CPU 3e-4 Se-4
LogReg Overall CPU 0.013 0.018
DT Fold CPU 0.003 0.008
TabNet Epoch GPU 1.50 4.50
SR Round CPU 0.05 0.07
KAN Epoch CPU 0.16 0.84
EBM Fold CPU 0.50 50.00
NAM Epoch GPU 0.50 1.10
SHAP Overall CPU 0.20 0.70
Anchors Instance  CPU 0.08 0.12

K. Training Times

Last but not least, we shortly quantify the expected training
duration of the different models in seconds in Table XII. Note
that we denote the minimal and maximal training time for the
models observed in our experiments. They provide a lower and
upper bound for the training time, which is strongly affected
by the actual values of the hyperparameters. In this table, we
also denote the hardware, on which we trained the individual
models. For CPU-based training, we utilize an AMD Ryzen
7 3700X 8-Core Processor, and for GPU-based training we
utilize a NVIDIA GeForce RTX 2060 graphics card. Since the
models differ strongly in the way they are trained, e.g., number
of iterations, time-scale, or amount of data, it is not possible to
compare the training times of the models perfectly. The table
therefore contains a column where we state on which level we
have measured training time. The training times for models
without hyperparameters like LinReg and LogReg denote the
overall training time, i.e., it took about 3e-4 seconds to train
the model on the video streaming dataset. The training times
for tree-based models like DT, RF, XGBoost, and EBM are
reported per fold, i.e., how long did it take to train each
model on one set of hyperparameters during hyperparameter
optimization. The number of folds required, however, depends
on the number and levels of hyperparameters considered
during optimization. For models, which are trained on mini-
batches and with stochastic gradient descent epoch-wise, i.e.,
MLP, TabNet, KAN, and NAM, we state the amount of time
required to complete one epoch, i.e., one training round on
all batched data. The overall training duration for one set
of hyperparameters, however, depends on the training process
if additionally other means like early stopping are used. For
SHAP, the Python SHAP package computes all Tree SHAP
values for the provided dataset simultaneously, i.e., it took 0.20
to 0.70s to compute all SHAP values for the video streaming
QoE dataset with data-driven features. For Anchors we could
only measure the time it took to generate a prediction for one
instance. Note that for the post-hoc explanation techniques the

training time of the model to explain has to be included in the
overall training time, too.

It can be easily observed that the less complex models
like LinReg, LogReg, and DT are significantly faster to train
than other models. This is extremely evident when comparing
the tree-based models DT, RF, XGBoost, and EBM. As RF
consists of multiple DTs, it is only reasonable that the training
of RF takes more training time. The results for XGBoost
and EBM show that these training times rise further when
additional training techniques like boosting are introduced.
We explain the high training times of EBM with the fact
that the training consists of multiple rounds, i.e., we basically
train a RF with boosting for multiple times (in this tutorial a
maximum of 5000 rounds).

When comparing the MLP with NAM, we see that the
training of NAM takes a bit longer than for the MLP. This can
again be explained by the model complexity, as we train in
a NAM not only one MLP, but several simultaneously. With
KAN, we get the lowest training times of the neural network
based models. Note also that the KAN model was trained
on CPU, while MLP and NAM were trained on GPU, thus
actually providing an advantage to MLP and NAM. While it
is possible to run KAN also on GPU, the fast training of KAN
on CPU never motivated us to adopt it to GPU.

VII. CONTEXT-AWARE QOE MODELING

In the previous use cases, we highlighted the suitability of
additive models for obtaining easy to interpret QoE models.
Such additive QoE models are also already well-established,
e.g., the E-Model for speech quality assessment [143]. So
far the presented NAMs have learned predictor functions
which model the expected value of the underlying feature
distributions only (cf. Figure 16a). In practice, however, users
often perceive the same stimuli differently, leading to multiple
profile or context groups [81]. While a global mean can be
learned across these groups, the resulting variance often fails
to accurately represent the individual contexts. To address this,
separate sets of predictor functions must be learned for each
context. This approach is also already applied in practice,
e.g., the ITU-T expert video quality prediction models P.1203
and P.1204 [24], [144] increase MOS computation accuracy
for different contexts by using context-specific coefficients
for the provided contexts, e.g., video codecs (H.264, H.265,
or VP9), assumed display resolution (2160p for PC/TV and
1440p for mobile/tablet), and viewing distance (1.5-3 times
the screen height for PC/TV and 4-6 times the screen height
for mobile/tablet). However, data-driven models generally lack
support for such context-specific coefficients. Adding a context
variable as input feature is insufficient as the model still learns
a single set of predictor functions, shared across all contexts.

In the following analysis, we focus on NAM only. We
showcase how a NAM can be extended to model QoE for
different user profiles and contexts. We consider a context
to be any kind of feature, which can be additionally used
to separate users into different clusters and hence improve
modeling accuracy overall, e.g., the user uses a mobile or
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Fig. 17: NAM architecture incorporating context.

desktop device, the kind of network technology used, or the
data subscription. On the other hand, we consider user profiles
to be more user-related, e.g., the sensitivity of a user towards
stalling events, any kind of user impairment, or demography.
However, both user profiles and context can be modeled
with the same approach. Next, we thus reconsider the video
streaming QoE use case, but also synthesize artificial data to
showcase the potential of including user profiles or context in
the modeling step.

A. Contextualized Neural Additive Model

To be able to model user profiles or contexts into the Neural
Additive Model (NAM), we have to adjust the architecture
of NAM slightly (cf. Fig. 17). In the following, we do not
distinguish anymore between user profiles and context, but
only talk about context. Identical to the original NAM, we
have a single subnetwork f; for each feature x;, where each
subnetwork f; receives one of the features as inputs. We
modify the architecture such that each of the subnetworks
receives the same additional input named context along with
the feature input z;. This input is an arbitrary categorical
variable, e.g., different user profiles with respect to sensitivity
or different user contexts, e.g., mobile usage vs. desktop usage.
As the context is usually a categorical variable and as it is
impossible to directly compute with categorical variables in
ML, we are required to convert these variables to numeric
values beforehand, e.g., by simple integers. If necessary, the
input context is thus mapped from the categorical variable,
now represented by an integer, to a low dimensional vector
using an injective function f: I — R¥. This low dimensional
vector is usually called embedding. The injective function can
be for example a simple one-hot encoding or it can be an
embedding layer as part of a neural network. This injective
function is represented by the yellow frames in the subnet-
works of Fig. 17. An embedding layer is in a nutshell a lookup
table with trainable weights, which is trained along with the
other weights of a neural network using backpropagation. In
our modified NAM architecture, we insert such an embedding
layer to each subnetwork as first layer (see context embedding

TABLE XIII: User profiles for contextualized NAM analysis.

Profile  Description Synthesizing Functions
B =341
f1=—-1.659 - exp(—0.636 - z) + 0.874
A Baseline f2=10.035-x 4+ 0.0189

f3=—0.186 - x + 0.008
f4=-0.025-x 4 0.0294
f5=18.76 - exp(—0.0026 - ) — 18.73

B =341
Avg. bitrate f1=—-4.0-exp(—0.50-z) 4+ 1.5
B as single j:g — 88
influence factor 4 _ 0.0
f5=0.0
B =341
f1=00
c Stalling as f2=00
dominant factor  f3 = —0.246 - z 4 0.2
f4=—0.05-z — 0.4
5 =0.0
B =341
Initial delay and ~ f1 = —0.559 - exp(—0.005 - ) + 0.874
D quality switches  f2 = —0.286 - z + 0.008
as dominant f3=0.0
factors f4=0.0

F5=—0.60 - log(0.5 + z) — 0.15

in the figure). The model works as follows: First, the contexts
are separately mapped to the k-dimensional embeddings by
each subnetwork, where k specifies the dimension of the em-
bedding vectors (and thus the number of available parameters).
These k-dimensional embeddings are then concatenated with
the scalar feature input x; of each subnetwork to the actual
subnetwork inputs of dimension k+1. These subnetwork inputs
are next separately transformed by the remaining layers of
each subnetwork, before the outputs of the subnetworks are
summed along with the bias 3. The output of each subnetwork
thus corresponds to the effect of a feature on the model output
conditioned on a specific context.

Assuming there are multiple contexts, which we want to
model, we can either scale up the architecture by adding more
embedding layers within the subnetworks, each embedding
layer responsible for a single context, or by simply increasing
the size of the single embedding layer and increasing its
capacity. If we assume k contexts, the number of inputs
changes to one feature input plus k context inputs. The
resulting embeddings of the contexts are then concatenated
along with the feature input z; to the new subnetwork input,
resulting in an actual input of dimension R'**? where d is
the dimensionality of the embeddings.

To obtain the interpretations for each profile, we again have
to consider the feature inputs x; along with the output of the
predictor functions f;, this time, however, also freezing the
context input, i.e., passing the same context over and over until
we have received the underlying predictor functions. This is
repeated for each context to obtain the different context-based
predictor functions.
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B. Dataset Generation

As our crawled video streaming QoE dataset does not
contain usable profiles or contexts, we artificially augment the
dataset by synthesizing user profiles. Here, we assume that
users follow different profiles, where some users’ QoE is only
affected by the avg. bitrate or where some users’ QoE is only
affected by stalling-related features. This means we can reuse
the samples of the original dataset, but change the label, i.e.,
QoE rating, by modifying the functions, which determine how
the feature input is mapped to the actual effect on the model
output. As we use an additive model, we only have to change
the functions of the subnetworks f; to obtain QoE ratings
following desired profiles. For each profile, we simply copy the
original data, compute a new label given the functions of the
subnetworks, and append the data to a new dataset. This results
in a dataset c times the size of the original dataset, where c
corresponds to the number of distinct profiles. Keeping the
same amount of data for each profile ensures here that each
profile can be learned properly. If the data was not already
balanced, it should have been balanced such that each context
occurs equally and thus some contexts do not influence others
as they contribute more during training.

As a proof of concept, we consider the four user profiles,
which are listed in Table XIII. Profile A corresponds to
the baseline, where we reuse the original data. We also fit
the learned predictor functions from the original dataset (cf.
Fig. 16a). These fitted functions for the baseline profile act
as orientation point for defining the other profiles. Profile B
imitates users whose subjective ratings are affected by the avg.
bitrate only. Here, only the avg. bitrate subnetwork function
f1 follows an exponential function and determines the QoE
rating, while the other functions f5 to f5 have zero impact on
the model output. With profile C, the total stalling duration
and the number of stalling events become the dominant QoE
influence factors. Therefore, the linear subnetwork functions
f3 and fy strongly affect the model output, while the remaining
linear functions have no effect on the model output. Finally,
profile D models the initial delay and the number of quality
switches as most influential QoE factors. Here, the function
fo for the initial delay follows a linear function, while the
function f5; for the number of quality switches follows a
logarithmic function. The remaining functions have again a
negligible or no effect.

C. Implementation

We extend the code provided by the authors of NAM by
modifying the subnetwork architecture. We add an embedding
layer to the subnetworks and concatenate the output of the
embedding layer and the actual feature input. The dimen-
sionality of these embedding layers is also selected during
hyperparameter optimization.

D. Video Streaming

The best performing model on this synthetic dataset
achieved a R? score of 1.0 and a low RMSE of 0.05 and MAE
of 0.03. Note that the performance is excellent here, because
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Fig. 18: Effects of expert video streaming QoE features on
MOS with contextualized NAM and different user profiles.

we used a custom dataset with known functions and without
adding additional noise. We visualize the learned predictor
functions of this model in Fig. 18. The learned functions are
hereby colored according to their user profiles.

We observe that for profile A (blue) the learned predictor
functions closely resemble those in Figure 16a, indicating
that the model effectively captured the original relationships
despite the presence of samples from other profiles. For profile
B (red), where only avg. bitrate affects the subjective rating,
we observe that the predictor function for the avg. bitrate
(F1) has a higher amplitude than for profile A and that it
primarily shapes the model output. The stalling-related feature
dominance for profile C (yellow) is easily visible in the
predictor functions as mostly the number of stallings (F3) and
total stalling duration (F4) affect the MOS, while the effects
of average bitrate (F1) and initial delay (F2) are constant
around 0. Finally, for profile D (green), we observe a strong
negative linear influence of the initial delay (F2) and negative
logarithmic influence of the number of quality switches (F5)
as expected. The mean feature importance per profile on the
bottom right confirms that the model was able to capture the
underlying functions of the individual profiles.

E. Lessons Learned

In many real-world scenarios, users perceive the same
stimuli differently due to varying user profiles or contexts.
Integrating such profiles and contexts into the QoE model
is thus fundamental to accurately model QoE. Existing QoE
models, like the ITU-T recommendations P.1203 and P.1204
for video streaming, already incorporate these mechanisms.
While it is theoretically possible to generate separate models
for each context, such an approach lacks scalability. Therefore,
our goal was to develop a single data-driven, explainable
QoE model capable of learning different predictor functions
for different contexts simultaneously. We demonstrated that
incorporating user profiles and contexts into NAM is both
straightforward and effective by encoding categorical variables
numerically and integrating them through additional embed-
ding layers within the sub-modules. In our synthetic scenario
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experiments, such an adapted model successfully captured the
different contextual influences on the QoE. In detail, the model
accurately reproduced the original predictor functions of the
different contexts, demonstrating its ability to simultaneously
handle multiple context instances.

VIII. UNCERTAINTY-BASED QOE MODELING

One problem with most parametric ML models, e.g., neural
networks, is that they learn a mean prediction for specific
feature ranges based on the training data. However, they are
not able to learn the variance of the ground truth in the training
data for these specific feature ranges. This model property
results directly from the loss functions used for training. If we
consider for example the MSE as loss function, we can see
that the residuals of the predictions are minimized, thereby
enforcing that the model learns to predict the most fitting
mean value over all training samples matching the feature
range [145], [146]. The problem here is that the training
data may include ambiguous data and in reality we would
be uncertain what the real label is. This is a common problem
in network planning [147] and monitoring [148], but also
especially relevant for QoE modeling as users often disagree
in terms of subjective scores due to different preferences. In
the following, we first define the term uncertainty, before we
discuss different approaches to model uncertainty in XAI-
based QoE modeling. Finally, we show examples for including
uncertainty in our video QoE dataset explanations.

A. Uncertainty

Uncertainty allows to grasp for which value ranges a
model is confident or unsure with respect to its prediction.
This provides valuable insights into the model internals and
how we may support the model to improve its performance.
Uncertainty is generally divided into epistemic uncertainty
(model uncertainty) and aleatoric uncertainty (data uncer-
tainty) [149]-[151].

Epistemic uncertainty corresponds to the model uncertainty.
Model uncertainty usually results from a lack of training data
for specific feature ranges, i.e., where the density of the data is
not high enough. Examples for this problem have already been
shown in Fig. 16a, where, for example, total stalling durations
of 10 or more seconds have a low density. As a consequence,
it is likely that the model is also uncertain here. In contrast
to aleatoric uncertainty, it is thus usually possible to reduce
epistemic uncertainty by collecting more training data in the
relevant feature ranges.

Aleatoric uncertainty is caused by the underlying data
generation process. It can be considered additional noise o; in
the target function y; = f(z;)+o, where z; is the feature input
for sample 7 and f is the model, i.e., the function transforming
z; to y;. If the level of noise o changes for different feature
inputs z;, o is assumed to be data-dependent on sample ¢ and
has heteroscedastic aleatoric uncertainty [150]. With constant
noise o; for all feature inputs, we have homoscedastic aleatoric
uncertainty [150]. With respect to QoE data, we usually have
heteroscedastic aleatoric uncertainty since different degrees of
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Fig. 20: Epistemic uncertainty with Monte Carlo Dropout.

influence factor degradations also result in different score dis-
tributions [152]. Since the underlying data generation process
is noisy, it is impossible to reduce or remove this kind of
noise. Gathering more training data or increasing the model
capacity thus does not help to improve model performance.
Even though reduction of aleatoric uncertainty is impossible,
quantifying it helps in understanding the training data (and its
underlying data generation process) and the performance of
the model.

There exist several approaches for quantifying (both
aleatoric and epistemic) uncertainty in ML [151]. We discuss
some selected and easily applicable methods to NAM in the
following.

B. Ensembles

1) Background: A simple way to capture epistemic uncer-
tainty is the use of ensembles. This means that we train a
model not only once, but several times. Each time a model
is trained, the weights are randomly, and thus differently,
initialized, leading to slightly different models. When an
ensemble model is deployed, the models of the ensemble
individually return their predictions, which are then aggregated
to produce the final prediction of the ensemble. In case of
a regression task, the mean of all predictions is returned. If
we consider a classification task, a majority vote decides the
returned prediction. A prominent example for this procedure
is RF, which is an ensemble of DTs. Independent of the
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task, we can use the distribution of outputs to quantify the
uncertainty of the model. If the predictions are all close to each
other, the model is certain and epistemic uncertainty is low.
If the predictions are spread far apart, the model is uncertain
and epistemic uncertainty is high. As the uncertainty results
from the initialized model parameters, we have epistemic
uncertainty here, but cannot model aleatoric uncertainty. A
benefit of this approach is that it generally works for every
parameterized model.

2) Implementation: For the implementation, we simply
train the original NAM from Section VI-I several times, each
time however with a different random number seed. This
approach was also proposed by the authors of NAM [122].
Using a different random number seed is important as these
seeds result in different parameter initializations and also in
different training dataset batches for each run, thus resulting
in slightly different models. We train 100 NAMs for the
ensemble.

3) Video Streaming: The uncertainty of the ensemble-based
NAM is shown in Fig. 19. Here, an orange line is drawn
for each predictor function learned for a model, resulting in
100 curves that often overlap. The blue curves state the mean
predictor functions over all trained models per feature. For
the predictor functions of the avg. bitrate, we can see that the
predictor functions all look quite similar. The major difference
between some of the runs is the offset on the y-axis. For some
of the runs the lowest bitrate corresponds to an effect of 0 on
the MOS, while for many other runs the effect is -0.5 or lower.
As NAM is an additive model, the other predictor functions
therefore also have to adjust to these offsets by adjusting their
offsets. If we look at the other predictor functions, we can also
see that the different models have slightly different offsets on
the y-axis, but also that the predictor functions look rather
identical for the different models.

4) Lessons Learned: The ensemble technique offers a
general method for quantifying epistemic uncertainty in any
parameterized model by initializing multiple model variants
with different seeds and measuring the prediction variability
of these variants. In our experiments, we observed that the
ensemble technique shows how uncertain the model is with
respect to its assigned effects, but that the predictor functions
all look rather identical. As a consequence, this approach is
not suitable to compare different models, as we can only see
the uncertainty caused by the varying impacts of individual
features. This means that the epistemic uncertainty modeled
by ensembles is basically the uncertainty of the effect on the
MOS. However, we do not see strong variations for different
feature ranges what we would have actually expected.

C. Monte Carlo Dropout

1) Background: Another way to quantify epistemic uncer-
tainty is the use of Monte Carlo Dropout [153]. Dropout is
a popular technique used to increase model generalizability
by randomly turning off a certain percentage of neurons in
a neural network during each training step according to a
Bernoulli distribution [154]. As a consequence, the model

Fig. 21: NAM architecture incorporating uncertainty.

cannot rely on single neurons to learn a function, but must
spread the learned information across multiple neurons and
layers to become more robust against these random dropouts.
Usually, dropout is only used during training and is turned
off for inference. The idea behind Monte Carlo Dropout is to
keep dropout active also during inference. The authors of [153]
have shown that this allows to view the inference process as
an approximate Bayesian inference. By keeping the dropout
during inference active, we can generate multiple outputs by
inferring multiple times, each time with different randomly
activated dropouts. We hereby simulate the generation of
multiple models, thus, roughly resembling an ensemble of
models. Identical to ensembles, we can then quantify the
epistemic uncertainty by considering the distribution of the
outputs. Monte Carlo Dropout can be used with every kind of
parametric model.

2) Implementation: For the implementation, we take again
the NAM as it is, but this time keep the dropout layers active
during inference. For the analysis of the Monte Carlo Dropout
technique, the best hyperparameters contain a dropout rate of
10%, i.e., 10% of all neurons are switched off during a training
and inference step. In total, we performed 100 predictions with
the trained model to approximate mean and standard deviation
of the predictor functions in a Bayesian fashion.

3) Video Streaming: The predictor functions for Monte
Carlo Dropout are shown in Fig. 20. Blue lines denote the
mean effects (u) over all 100 predictions, while the red and
orange areas denote uncertainty as one and two standard
deviations (o), respectively.

In contrast to the ensembles, we can see that here the
uncertainty strongly depends on the x-axis, i.e., the feature
values, and not on the y-axis and its offset, respectively. For
all predictor functions except for the avg. bitrate, we can see
that the uncertainty of the model rises with an increasing
feature value. If we consider the density of the data, i.e., the
grey background, we can immediately see that the model’s
uncertainty simply resembles the increasing sparsity of the
training data. As described before, in the case of epistemic
uncertainty, we can reduce the model’s uncertainty at these
points to improve the model. As a consequence, the model
helped us in identifying value ranges, where more training
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data is required. If we look at the predictor functions of the
avg. bitrate, we see the same behavior for higher bitrates.
Nevertheless, we also see that for lower bitrates (below 1.5
Mbps), where plenty of training data is actually available,
the model is also rather uncertain. We explain this by the
fact that there is much contradicting data in this range. If we
consider Table III again, we can see that the LIVE Netflix
I database covers only these lower avg. bitrates, but that the
other metrics are similar to the other databases. As there seems
to be much contradicting data, e.g., low bitrate results in many
high subjective scores for the other databases, but sometimes
in low subjective scores for the LIVE Netflix I database, the
model is uncertain about the true effect of the feature.

4) Lessons Learned: Monte Carlo Dropout quantifies epis-
temic uncertainty by keeping dropout active during inference.
This essentially simulates an ensemble of models to esti-
mate prediction variability. In our experiments, Monte Carlo
Dropout better quantified epistemic uncertainty for specific
feature ranges in contrast to ensembles, thus proving to be
superior here. In addition, it was way faster as we do not have
to retrain the same model several times. However, the amount
of uncertainty varies depending on the dropout rate: higher
dropout rates usually result in higher uncertainties as there is
automatically more uncertainty in the model present, but may
subsequently also result in poor model performance. There-
fore, an extensive hyperparameter optimization is required.
Moreover, the technique also highlighted regions of sparse
or conflicting data, offering valuable insights for refining the
dataset in future iterations.

D. Probabilistic Neural Additive Model

1) Background: To quantify heteroscedastic aleatoric un-
certainty, the model must estimate not only the prediction (i.e.,
the mean), but also the corresponding variance. In practice,
this involves approximating the predictive distribution by
learning its key parameters, e.g., mean and standard deviation
for a Normal distribution. We extend NAM as proposed by
Thielmann et al. [155] to enable the model to learn arbitrary
distribution parameters, e.g., location, scale, and shape. This
is achieved by adding extra output heads to each subnetwork,
such that each head predicts a respective distribution param-
eter. Figure 21 illustrates the extended architecture using a
Normal distribution. Identical to the original NAM, the effects
are summed along with a bias to compute the overall mean (the
original prediction). Additionally, the predicted variances from
all subnetworks are summed to compute the overall variance.
The overall mean and standard deviation (derived from the
overall variance) then define the target distribution, from which
the final prediction is sampled. Rather than using a Normal
distribution, as in [155], we estimate the parameters of a
Laplace distribution (location and scale) to increase robustness
against noise in the training data [156]. In our experiments, we
also observed that the Laplace distribution resulted in models
more in line with previously learned models. As before, the
predicted value is compared to the corresponding ground truth
(i.e., MOS) to compute the loss during training, while the
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Fig. 22: Aleatoric uncertainty with probabilistic NAM.

variance is implicitly learned only (i.e., without supervision).
To optimally fit the distribution parameters, we minimize the
negative log-likelihood of the estimated Laplace distribution.
A distribution providing accurate predictions for an instance
should therefore yield low variance across subnetworks. In
contrast, if predictions are uncertain or inconsistent, one or
more subnetworks should show high variance, reflecting the
model’s uncertainty due to contradicting effects from other
instances. Note that this models aleatoric uncertainty only.

2) Implementation: For the implementation, we extend the
original NAM by adding a second head to each feature sub-
network f;. The outputs of the subnetworks are then summed
to get the location and to derive the scale parameters, respec-
tively, and then fed into a TensorFlow Probability Laplace
layer, which samples from the determined distribution during
training. In contrast to the previous NAM-based models, we
thus have to train this model using negative log-likelihood.
Critical for an efficient learning process is also that the
estimated scaled predicted by each subnetwork is higher than
zero. A simple trick to avoid this is to apply the Softplus
activation function on the scale head.

3) Video Streaming: We first investigate in how far the
change of the loss function affects the performance. With an
RMSE of 0.51, an MAE of 0.39, and a R? score of 0.55, we
observe that the probabilistic model performs on par with the
baseline NAM discussed in Table X.

Figure 22 depicts the learned predictor functions per feature
along with the uncertainty learned for each data point. In
line with the previous figure for Monte Carlo Dropout, we
show for every feature the learned mean effect (u, location)
and the red and orange areas denote the uncertainty as one
and two standard deviations (o), respectively. First of all, the
figure shows that the learned predictor functions are rather
similar to the predictor functions of the baseline model. Again,
the predictor function for the average bitrate (F1) follows a
logarithmic relationship, the predictor functions for the number
of stalling events (F3) and total stalling duration (F4) follow a
negative linear trend, and the predictor function for the initial
delay (F2) approximates a horizontal line close to 0. A minor
exception is that the predictor function for number of quality
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switches (F5) does not follow a strict linear trend any more,
but seems to follow a weak exponential trend, even though the
general trend is similar to the baseline.

If we look at the uncertainty indicated by the standard
deviation, we see a different behavior compared to the model
based on Monte Carlo Dropout. Remember, here we learned
aleatoric uncertainty, in contrast to epistemic uncertainty as
before. Therefore, differences between the two models are
expected. For the avg. bitrate (F1), we observe that uncertainty
is higher for lower bitrates and decreases for higher bitrates.
If we look again at the databases in Table III, we see that, in
particular, the LIVE Netflix databases operate in low bitrate
ranges, while producing a MOS not completely different
from the other databases. Thus, it is only logical that the
probabilistic model learns that there is a lot of contradicting
data, thus a higher aleatoric uncertainty. If we compare the
results for this aleatoric model and for the epistemic model
in Fig. 20, we observe that for the epistemic model the
uncertainty is high for the data ranges, where only a few
samples are available, i.e., we have model-based uncertainty,
while for the aleatoric model the uncertainty is high, where
a lot of data is available and the data may be contradicting,
i.e., we have data-based uncertainty. A similar behavior can
be observed for the number of stalling events (F3). Here,
aleatoric uncertainty is slightly higher for zero and one stalling
event compared to two or more stalling events. This can be
explained by the fact that most samples in the dataset have
zero or one stalling event, while other factors may vary and
hence the MOS, resulting in an increasing uncertainty of the
model here. The same applies for the total stalling duration
(F4). For the number of quality switches (F5), we can see that
aleatoric uncertainty strongly increases for a higher number
of quality switches. If we look directly into the data, we can
see that there are two samples in the dataset with 13 quality
switches, no stalling events, and an avg. bitrate of 1.2 and 1.3
Mbps, respectively, but that the subjective scores are 3.25 and
4.46, so strongly diverging. For 12 quality switches, we also
have samples with subjective scores of 1.29 and 3.50, so again
strongly diverging. The model, thus, correctly identifies high
uncertainty for these feature ranges.

4) Lessons Learned: Aleatoric uncertainty can be quanti-
fied by learning location and scale parameters of distributions,
thus providing the ability to model uncertainty caused by
inherent data noise or contradictions. To achieve this, we adopt
an extension of NAM [155], which provides both location and
scale of a Laplace distribution as output and is trained by
approximating the target distribution rather than focusing on
mean values only. In our experiments, the probabilistic NAM
effectively captured regions of high aleatoric uncertainty, par-
ticularly in feature ranges with sufficient data. This suggests
that the model recognized inherent noise in those regions, in-
dicating that additional training samples do not help to reduce
this uncertainty. We also observed that aleatoric and epistemic
uncertainty highlight different things. Therefore, both should
be considered to be able to take informed decisions, whether
for collecting more data samples or for business decisions
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Fig. 23: Federated Learning.

taking model predictions into account.

IX. DATA DECENTRALIZATION

For successful QoE modeling, tons of data accurately de-
scribing the relationship between QoE influence factors and
QoE of a service are required. However, obtaining such data
is often difficult for a plethora of reasons. Further, to create
a QoE model from those sensitive data, they first have to be
transmitted from end devices over the network and stored in a
centralized database, before a model can be created. This in-
creases resource consumption with respect to the network and
storage and also poses privacy concerns. This also indicates
that QoE modeling in a centralized fashion may not always
be the best solution, or may not be a feasible solution at all.

While in earlier days most ML applications worked in
a centralized fashion, i.e., a model is trained on a single
node with all data, ML applications have started to become
decentralized, i.e., data and/or model are distributed over and
trained on multiple nodes, increasing privacy preservation.
When utilizing data-driven QoE modeling, this distributed
aspect of modeling can also be exploited. The best known
decentralized learning paradigm is Google’s FL [26], which
we describe next.

A. Background

With FL, each client keeps its own data locally, trains a
model on its own data, and exchanges the learned model
parameters or obtained gradients during training with a central-
ized, global parameter server only. The centralized parameter
server aggregates the parameters sent by each client using
a specific aggregation strategy, e.g., simply averaging the
parameters, which updates the global model. This training
process is also illustrated in Fig. 23. Federated training is
done in multiple rounds until the global model has converged.
This means that no data, except for the model parameters
or gradients, have to be exchanged over a network; thus no
data storage is required and privacy is also preserved for end
users. This learning paradigm fits data-driven QoE modeling
perfectly, as one could directly use sensitive field data without
breaching privacy, while learning from the data of all end
users. We also assume that additive models are highly suitable
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for FL, because aggregating the subnetworks f; for example
by simple averaging should result in valuable approximations
of the true global/centralized subnetworks.

By now, there exists a variety of different aggregation
strategies to improve model performance in FL [157]. In
the following, we discuss the selected strategies Federated
Averaging (FedAvg), Federated Stochastic Gradient Descent
(FedSGD) [26], and Federated Optimization in Heterogeneous
Networks (FedProx) [158], which we also evaluate on our
datasets. These strategies are also all implemented in Ten-
sorFlow Federated [159], which we use for all evaluations.
Note that except for FedSGD all these aggregation strategies
can be used in a weighted and unweighted fashion. Weighted
means that the amount of available training data at a client
is considered when performing the client updates on the
global model, i.e., the changes are weighted for each client
separately. In the unweighted fashion, all client updates are
treated equally.

1) FedSGD: Federated Stochastic Gradient Descent
(FedSGD) is one of the two original aggregation strategies
proposed in [26]. With FedSGD, each client computes the
average gradient based on the client data and the current
model and passes these gradients to the parameter server.
The parameter server then aggregates these gradients and
performs a gradient descent step. This is identical to each
client performing a gradient descent step locally and then
averaging the resulting model parameters for the global
model.

2) FedAvg: Federated Averaging (FedAvg) is the other
aggregation strategy proposed in [26] and is a generalization
of FedSGD. While FedSGD performs a single local training
step only, FedAvg allows to perform multiple local training
steps using a given client learning rate before updating the
global model. This also means that FedAvg with a single local
training step per round corresponds to FedSGD. Again, model
parameters are simply averaged for the global model update.

3) FedProx: The strategy Federated Optimization in Het-
erogeneous Networks (FedProx) tackles the problem of het-
erogeneity, i.e., when the training data is non-identically
distributed across the clients [158]. This is achieved by adding
a proximal term to the loss function, i.e., an additional regular-
ization term, which the parameter server can use to account for
the heterogeneity caused by the partial observability. Besides
this additional term, FedProx works identically to FedAvg and
can be viewed as a generalization of FedAvg.

B. Implementation

For our evaluations, we use our original custom video QoE
dataset. We split the custom dataset into the original databases,
ie., we simulate five different clients. We train one global
NAM for the aggregation strategies FedAvg and FedProx
in an unweighted and weighted fashion and a single NAM
for FedSGD, i.e. five different federated NAMs in total. To
have a baseline comparison for the federated NAMs, we also
train federated MLPs. During hyperparameter optimization,
we again tune the number of neurons per layer, the number

TABLE XIV: Performance comparison of expert and data-
driven federated QoE models.

Data-Driven | Expert
Model Weighted RMSE MAE R? | RMSE MAE  R?
MLP 0.47 0.37 0.61 0.46 0.35 0.63
NAM 0.51 0.40 0.54 0.50 0.39 0.56
MLP+FedSGD - 0.61 0.47 0.34 0.56 0.44 0.45
MLP+FedAvg v 0.58 0.46 0.41 0.58 0.46 0.42
MLP+FedAvg X 0.61 048 036 0.65 0.51 0.27
MLP+FedProx v 0.73 0.58  0.06 0.58 045 041
MLP+FedProx X 0.63 0.52 0.32 0.67 0.53 0.21
NAM+FedSGD - 0.61 0.50 0.34 0.56 045 0.45
NAM-+FedAvg v 0.59 0.47 0.38 0.56 0.44 0.46
NAM+FedAvg X 0.64 052 028 0.76 0.61  -0.01
NAM-+FedProx v 0.55 044 047 0.72 0.57  0.08
NAM-+FedProx X 0.71 0.56 0.12 0.76 0.61 0.01
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Fig. 24: Effects of expert features on MOS for the entire
dataset and all databases composing the dataset with NAM.

of layers, and the dropouts for NAM and MLP. Additionally,
we tune the client (local model) and server (global model)
learning rates.

C. Video Streaming

The results for the video streaming use case are shown in
Table XIV. Note that the first two lines (models MLP and
NAM) correspond to the centralized models from Table X.

First of all, we can observe that all federated models for both
feature sets perform worse than their centralized versions. This
indicates that the heterogeneity of the databases again causes
problems for the training process.

We also see that the expert features perform slightly better
than the data-driven features for both federated NAM and
MLP. It is thus likely that the feature selection approach of
Section V, performed in a centralized fashion, is not appro-
priate for the federated setting. This may be caused by the
fact that the relationships between MOS and influence factors
differ for each of the database as depicted in Fig. 24. As we
have observed, a data-driven model provides the benefit that it
is able to learn the mean response across all these databases.
In case, it is important to keep the databases separate, note that
we can use the databases as contexts as shown in Section VII
to learn a separate model for each database.
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Fig. 25: Predictor functions for federated learning strategies.
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With respect to the aggregation strategies, we can see that
FedSGD and weighted FedAvg show the best results, while
FedProx offers a poor performance.

Finally, we consider the explanations produced by federated
NAM. Figure 25 depicts the learned predictor functions per
aggregation strategy. Again, the gray shades in the background
indicate the density of the data. We can see that weighted Fe-
dAvg and FedSGD conform to the shaping functions produced
by the centralized NAM (cf. Figure 16a), indicating that we
do not lose explainability in the federated learning setting.
We can even see that the federated learning setting generates
a more reasonable predictor function for the initial delay
here. The centralized model considered higher initial delays
to have a positive effect on the MOS, while the federated
version considers the initial delay to have no influence on MOS
at all. Given our domain knowledge, we know that longer
initial delays may have a (low) negative impact, but never a
positive effect. The federated setting thus seemed to increase
the model’s generalizability, but this also explains why the
federated model performs slightly worse than the centralized
version. The other aggregation strategies do not conform to
the explanations of the centralized NAM, as they all assign
low or no importance to stalling events and quality switches.
This is confirmed by the feature importance plot in the lower
right of the figure, showing that average bitrate has the highest
impact on the output for most models, with the exception of
FedProx. Additionally, only weighted FedProx considered the
initial delay as impacting the outcome.

D. Practical Challenges

A variety of practical challenges arises when deploying FL
for QoE modeling in reality. These challenges have already
been observed in other domains such as mobile edge net-
works [160] and IoT [161], and are equally applicable to QoE
modeling, as it represents just another use case of FL. The
first challenge lies in overcoming resource constraints of end-
devices. Most end-devices, such as smartphones, lack compu-
tational power and storage capacities to train complex models
or to process large datasets. To prevent such issues, lightweight

models like NAM are ideal as they require less resources.
Additionally, techniques like random down-sampling can re-
duce the size of training datasets and subsequently storage
requirements during training. Another problem is the battery
drain caused by training, potentially leading to problems when
an end-device unexpectedly shuts down during training.

A key challenge in FL settings is the heterogeneity of
data across end-devices, as the data is usually not indepen-
dently and identically distributed (non-iid). This means the
data across end-devices does not exhibit similar statistical
properties. Non-iid data usually results in strong model biases
on some devices, as specific features are overrepresented,
and thus leads to strong data imbalances in general. These
problems complicate model training, introduce biases, and lead
to slow model convergence. Mitigation strategies include data
sampling techniques, custom aggregation strategies resilient to
such variability, or incorporating regularization techniques to
address these imbalances.

Another challenge is the efficient handling of communica-
tion overheads and synchronization of model updates caused
by FL. Bandwidth limitations, high latencies, and unreliable
network conditions can delay the delivery of model updates
and disrupt synchronization among end-devices. Additional
excessive communication overheads can strain the end-user’s
data plan. Asynchronous model updates can mitigate the
negative impacts of the network at the cost of slower model
convergence. Moreover, techniques such as quantizing, prun-
ing, and sparsification of model updates help to reduce the
network burden, improving overall efficiency.

System reliability poses another challenge. Participants may
drop out unexpectedly due to battery depletion, connectivity
issues, or user intervention, affecting training efficiency. En-
couraging end-users to reliably participate in the federated
learning process is thus fundamental and can be achieved
through incentives such as financial rewards, access to exclu-
sive services, or gamification strategies to engage users.

Finally, while federated learning reduces privacy risks, it
introduces new security and privacy challenges that must
be addressed during deployment. Although datasets remain
local and are never shared, a malicious attacker might exploit
model updates to infer sensitive information or inject malicious
updates to manipulate training outcomes. Implementing more
secure aggregation strategies can mitigate such risks. Even
though FL can be considered a decentralized approach as all
data remains distributed on the end-devices, the centralized
server for aggregating participants’ model updates and redis-
tributing the global model can be considered a single point
of failure, vulnerable to denial-of-service attacks that could
disrupt the entire system. Decentralizing the parameter server
addresses this problem, but introduces new challenges [162].

E. Lessons Learned

Successful data-driven, explainable QoE modeling requires
large amounts of sensitive data. However, these data are often
difficult to obtain, as they may pose privacy concerns to end-
users when stored centrally. Decentralized approaches like
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FL address these issues and its applicability to data-driven
QoE modeling is thus of paramount interest. Our experiments
showed that federated XAl-based QoE modeling is feasible
using NAM and a simple aggregation strategy like weighted
FedAvg, demonstrating promising results. However, efficient
feature engineering poses an additional challenge as the entire
dataset is not known to a central entity. Subsequently, there
is also a lot of potential in optimizing the feature engineering
process. Our results also indicated that there is a performance
loss due to federation, but that no significant differences
between black-box MLPs and white-box NAMs are to be
expected. More importantly, the predictor functions of the
federated NAM approximated the predictor functions of the
centralized NAM well, thus maintaining model explainability
even when suffering some performance losses. Summarizing,
our results indicate that with careful feature engineering,
NAM, and a simple aggregation strategy like FedAvg, fed-
erated XAl-based QoE models can be developed offering
clear interpretability while providing competitive performance.
Lastly, practical deployment of federated XAl-based QoE
modeling introduces additional challenges such as limited
computational resources and battery life of end-devices, non-
iid data, unreliable networks, system reliability issues, and
new security risks that need to be addressed before successful
deployment.

X. FUTURE DIRECTIONS
A. Improvement of Explanations and Large Language Models

An open problem, on which the XAI community researches,
is the general improvement of explanations produced by XAI
techniques and models such that they are easily understandable
and meaningful for humans. Promising research directions are
here concept-based explanations [163], causal explanations
in the form of counterfactual explanations [164], but also
interactive and multimodal explanations.

Concept-based explanations are supposed to be easily under-
standable for humans as the explanations are oriented towards
concepts well-known to humans. An example for such a
technique is shown in [163], in which they design a technique
that shows humans in an image classification task, which
objects or parts of the image (concepts) the model used to
generate its prediction, e.g., a wheel and the letters police
result in the label police car. Identifying similar concepts in
the QoE domain is, however, not trivial.

In contrast, counterfactual explanations investigate the
causal relations by asking what would have happened if
something else had (not) happened. Analyzing counterfactuals
can thus help the user to understand how the model reasoned
to come to its decision and for which scenarios it would
have acted differently. A simple example would be a video
streaming scenario where we want to know what would have
happened to the user’s QoE if there had been no stalling event
during the stream.

Finally, interactive and multimodal explanations make use
of the interaction with tools from different domains. One
trending example is the use of Large Language Models

(LLMs) in form of chatbots, allowing the user to interact with
the chatbot so that the chatbot helps the user to understand
the underlying model behavior [165]. There already exist
several explanation dialogue systems like TalkToModel [166],
ConvXAI [167], and InterroLang [168]. In [169], we took
a first step towards utilizing LLMs to mediate some of the
explainable models presented in this work to the end-user by
proposing QoEXplainer.

In the future, it can be expected that these chatbots not only
return text, but also for example audio-visual cues to convey
their explanations.

B. Time-series QoE Modeling

While we focused on tabular data in this work by ag-
gregating the collected service experience into session-based
features, it is also possible to represent the data as time series,
e.g., monitoring video quality and player state (playing or
stalling) every second during a video stream [92], or incre-
mentally tracking page load progress at fixed intervals [35].
These time series can then be input to ML or XAI models.
Time-series data often contain more information on the user’s
experience and may thus be beneficial to better approximate
QoE. One potential disadvantage of time-series based QoE
modeling is that monitoring time-series data often introduces
additional complexity. Also, considering the current state-of-
the-art for XAI on time-series data, we have to remark that
XAI techniques and models are here not yet as advanced as
existing approaches for text, computer vision, and tabular data.
Nevertheless, future advances in research on XAI for time-
series data are going to enable explainable, time-series QoE
modeling at one point.

C. Data-centric QoE Modeling

Last but not least, we want to highlight the importance of
the training data. In this tutorial, we have considered XAl from
the perspective of explaining the internals of a trained model
only. We thus have not tried to understand how the training
data affected the training process and thus the obtained model,
i.e., the training data influence [170]. Attributing training data
influence helps to understand which samples were actually
important for the training process and which samples were
considered noisy or redundant. This is particularly relevant
for the QoE domain as it is often difficult to collect subjective
data covering the entire range of the required feature value
domains in the wild (or in laboratory studies), for example
caused by rare events. Therefore, we would be interested
in knowing which kind of samples should be collected to
improve the model and also cover rare event edge cases
effectively. The naive approach of identifying data influence
is by retraining the same model several times, omitting one
sample from the dataset in each round, and comparing the
obtained model performance. It can be easily observed that
this approach does not scale well for costly to train models
and large datasets [44]. To speed this up, Koh et al. [171]
adapted influence functions, a concept from statistics [172], to
the machine learning domain. The influence functions by Koh
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et al. simulate the influence of leaving one sample out by using
the observed gradients computed during training. Influence
functions and other training data attribution methods are an
active research field [170]. Another field which considers the
importance of the data is active learning [173]. Here, the model
determines incrementally which samples it selects to train on.
This selection is done by maximizing a metric, which returns
the gain that can be expected from adding the sample to the
dataset. Generally, fewer labelled data are also required as
the active learner is allowed to ask an oracle, e.g., a human
annotator, to assign a label to unlabelled data, thereby, adding
the human into the training loop. Active learning is supposed
to improve model performance, while reducing training time
as fewer samples are required. In the past, active learning for
crowdsourced QoE modeling has already been proposed [82].
No explanations for the actions of the model, however, could
be derived there. An expected future direction can be the
combination of data influence methods, active learning, and
XAI models to thoroughly understand the entire training
process and resulting model. The use of influence functions
as sample selection criteria for active learning is already a
relevant research topic [174].

XI. CONCLUSION AND LESSONS LEARNED

The importance of accurate Quality of Experience (QoE)
modeling remains highly relevant to this day, in particular
when observing the trend of future networks like 6G towards
human-centricity [175]. However, manual QoE modeling,
which requires to conduct cumbersome and non-exhaustive
laboratory studies, impedes the QoE modeling process. Thus,
we consider data-driven QoE modeling based on Explainable
Artificial Intelligence (XAI) as a promising alternative, as it
not only speeds up the entire modeling process significantly,
but also mitigates the bias of researchers, and simultaneously
results in understandable models due to the white-box nature
of XAI models.

In this tutorial, we provided the fundamentals for research
on data-driven QoE modeling with XAI. Therefore, we in-
troduced and explained relevant concepts from QoE and
XAI such that QoE researchers can build upon the collected
information in the future. We especially discussed the role
of explainability, context, uncertainty, and federated learning
within data-driven QoE modeling and showcased different
solutions to these problems.

A. Lessons Learned

We summarize the learned lessons in the following and pro-
vide a general guideline for selecting a suitable XAI technique
in Fig. 26. We highlight the models, which allow to account for
context adaptability and uncertainty, which are by chance the
same models in this work, and which can be used for federated
learning. We also denote the type of obtained explanation and
for which learning tasks the respective techniques can be used.

Main effects and linear models are usually not appropriate
for data-driven QoE modeling as they often assume linear

relationships and subsequently miss potential underlying non-
linear relationships. As a consequence, more powerful non-
linear models like Decision Trees (DTs) are required. While
DTs are easier to interpret than other models, they also offer
a poorer performance when it gets more difficult to identify
the underlying relationships, and they lose interpretability
the deeper the tree becomes. Utilizing neural networks, e.g.,
Multilayer Perceptrons (MLPs), or an ensemble of DTs, e.g.,
Random Forest (RF) or eXtreme Gradient Boosting (XG-
Boost), are easy ways to obtain more powerful models. The
resulting models, however, are black-box models and thus
not interpretable anymore. To obtain insights into such a
black-box model, post-hoc explanation techniques like Local
Interpretable Model-Agnostic Explanations (LIME), Anchors,
or SHapley Additive exPlanations (SHAP) can be used. Using
such techniques is reasonable, when a black-box QoE model
already exists. However, the explanations provided by the dif-
ferent techniques can become confusing as they often operate
on perturbed feature spaces and only approximate the true
black-box function. Even if the explanation technique perfectly
approximates the black-box predictions, it does not guarantee
that the same features are used, leading to potentially unfaith-
ful explanations. As a consequence, we argue that inherently
interpretable QoE models are more favorable when no black-
box QoE model exists. This aligns with prior research [41]
emphasizing the superiority of interpretable models over post-
hoc explanation techniques. On the example of TabNet, we
observed that more complex neural models can provide rea-
sonable interpretations in the form of instance-based heatmaps,
which come at the cost of training time. Similarly, evolu-
tionary algorithms like Symbolic Regression (SR) are useful
when exact mathematical equations are required to model
the relationship between influence factors and Mean Opinion
Score (MOS). Here, the resulting equations were often difficult
to interpret or lacked performance and the training is time-
intensive. In the end, we observed that interpretable, additive
models like Kolmogorov-Arnold Network (KAN), Explainable
Boosting Machine (EBM), and Neural Additive Model (NAM)
indicated superior performance to all other techniques when
it comes to providing insights into the learned relationships.
While the recently proposed KAN is still in its infancy and
the tree-based EBM is restricted in terms of modularity,
NAM combined all our desired properties at the slight cost
of performance (compared to the black-box models). By
extending NAM we could easily integrate context adaptability
and uncertainty awareness, and train the model in a federated,
i.e., decentralized fashion, without losing interpretability. Note
that the aspects of context adaptability, uncertainty awareness,
and federated learning can be realized with most other models
too, but that development complexity and costs often increase
for them, e.g., realizing federated learning with tree-based
models requires the implementation of custom algorithms like
Federated Forest [176]. So, while such possibilities exist, these
techniques are often not supported out of the box by common
libraries like scikit-learn, TensorFlow/Keras, or PyTorch, and
thus, require custom implementations.
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Fig. 26: Guideline on model selection.

Summarizing, we have observed that a plethora of XAlI tech-
niques and models exists to tackle all these challenges, and that
all discussed techniques offered advantages and disadvantages.
In our experiments, we observed that the trade-off between
performance and explainability may vary depending on the
considered use case. As a result, it is important to decide what
degree of performance and explainability is required. If high
performance is required, powerful models, such as ensemble
models or neural networks, should be deployed alongside a
post-hoc explainer like SHAP to provide insights. Instead, if
high explainability is required, inherently interpretable mod-
els like NAM, EBM, or KAN should be deployed as they
significantly ease understanding of the model internals with
a slight loss of performance only. Nevertheless, Rudin [41]
even argues that there is not necessarily a trade-off between
performance and interpretability. With well-structured data
and meaningful features, the performance gap between com-
plex and and simpler models vanishes, while interpretability
improves. Consequently, the extent of the trade-off depends
on the use case and, in the broadest sense, on the domain
knowledge.

B. Concluding Remarks

QoE modeling is essential for understanding and improving
user satisfaction with network and service performance. By
accurately predicting QoE, providers can proactively enhance
service quality, optimize network resource management, and
reduce customer churn. However, traditional black-box models
often lack transparency, making it difficult to interpret and trust
their decisions.

In this context, XAl may assume a crucial role. By incorpo-
rating XAl into QoE modeling, network and service providers
can gain actionable insights into the factors affecting user
experience. XAl enables better decision-making by offering

clear explanations for QoE predictions, improving trust, ac-
countability, and compliance with industry regulations.

Our extensive evaluation on the use cases of video streaming
and web QOE revealed that explainable data-driven QoE
modeling is ready for deployment for both classification and
regression tasks. While we discussed only video streaming and
web QoE, we want to clarify that all presented approaches
are easily transferable to other domains, e.g., speech quality,
gaming, or Virtual Reality (VR). Further, we outlined future
directions and underlined that there are plenty of topics to re-
search in the future with respect to data-driven QoE modeling.

To accelerate the adoption of explainable, data-driven QoE
modeling in the future, we also provide Python Jupyter Note-
books containing all XAl techniques described in this tutorial.
These Jupyter Notebooks represent a significant contribution
by providing standalone, executable scripts with extensive
documentation. Each notebook discusses a specific technique
introduced throughout this work (cf. Fig. 2), allowing other
researchers to perform rapid prototyping for custom datasets
and different use cases.
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