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Abstract—The integration of web and video applications as
dominant Internet content has underscored the importance of
Quality of Experience (QoE) for user satisfaction, retention, and
digital service success. While current research has extensively
studied QoE for individual stimuli, such as web page loading or
video streaming, there exists a significant gap in understanding
and quantifying QoE for mixed web browsing and video stream-
ing sessions. This paper addresses the critical need to evaluate
session QoE when web and video stimuli are combined within
a single web session. Employing a crowdsourcing methodology,
we investigate the impact of session length, content type, and
individual stimuli QoE on the overall session QoE through a
full factorial design with both unimpaired and impaired stimuli.
Based on these results, we evaluate the applicability of various
models to accurately estimate session QoE from information
about individual stimuli, offering insights into optimizing the
subjective experience in web sessions.

Index Terms—Quality of Experience; Web Session QoE; Video
Streaming QoE; Web Browsing QoE; Session QoE Model

I. INTRODUCTION

The digital era is driven and self-reinforced by the in-
creasing availability and usage of web and video applications,
establishing them as the most dominant forms of content on the
Internet. With videos seamlessly integrating into web pages,
both web browsing and video streaming can be conveniently
used from a web browser, even within the same web session.
The ever-increasing popularity of both types of applications on
the Internet has also revealed the importance of understanding
and optimizing the Quality of Experience (QoE) for users,
a crucial metric for network and service providers [1]. QoE
directly influences user satisfaction, retention, and the overall
success of digital services, making it a pivotal aspect in the
competitive web and video service industry.

Despite the obvious importance of QoE, current research
predominantly focuses on the assessment of QoE for individ-
ual stimuli, such as a single web page load or a single video
stream. For web browsing, impact factors like the loading time
and loading behavior of web pages are well understood [2],
and similar results exist for video streaming, where factors
such as initial delay, stalling, and quality adaptation play
a crucial role [3]. The understanding of these individual
elements is complemented by well-established QoE metrics,
such as page load time (PLT) for web browsing [4] or the
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number of stalling events for video streaming [5]. Moreover,
several QoE models exist - even standardized models like
G.1030 [6] for web browsing or P.1203 [7] and P.1204 [8]
for video streaming - which allow to map QoE metrics to
a Mean Opinion Score (MOS), and thus, guide providers in
enhancing the subjective experience of their end users.

However, a critical gap exists in our understanding of
session QoE, particularly when different types of stimuli are
mixed within a session, as is typically the case in normal web
usage. Not only was it shown that QoE models of web and
video stimuli do not well align in mixed sessions [9], but it also
still needs to be researched how the QoE scores of individual
stimuli can be combined and aggregated to obtain a single
QoE score for the entire session.

In this work, we conduct a QoE study to investigate the QoE
in mixed web browsing and video streaming sessions using a
crowdsourcing approach. In particular, we apply a full factorial
design with unimpaired and impaired web and video stimuli
using two different session lengths. This allows us to evaluate
the impact of the session length as well as position, content
type, and QoE of the individual stimuli on the overall session
QoE. Finally, we investigate the applicability of several models
to accurately estimate the resulting session QoE from the QoE
scores of the individual stimuli, and discuss our results.

Therefore, this work is structured as follows. Section II
outlines related works on web and video QoE as well as on
the QoE of sessions. Section III describes the implemented
crowdsourcing study, the data filtering, and the resulting
dataset. Section IV presents the results on session QoE and
evaluates the performance of selected session QoE models.
Finally, Section V summarizes the findings and concludes.

II. BACKGROUND AND RELATED WORK

The Quality of Experience (QoE) of video streaming mostly
depends on initial delay, stalling, and quality adaptation [3].
Stalling or rebuffering, i.e., playback interruptions due to
buffer depletion, is considered the worst QoE degradation [5],
[10], [11], and should be avoided. Furthermore, video streams
should be played out with high visual quality [12]. In contrast,
initial delay has a smaller impact on the QoE [4].

A large number of QoE models was proposed in literature,
e.g., [3], [13], including the standardized P.1203 [7] and
P.1204 [8] models. These models typically consider a set of
different QoE factors, such as the total stalling length, the



number and duration of stalling events, the visual quality,
number and amplitude of quality switches, and initial delay.
In [14], the authors showed that many of those QoE models
perform significantly different as they attach different weights
to these QoE influence factors. Also artificial intelligence (AI)
and machine learning (ML) are already widely used for video
QoE modelling [15]. In this context, however, it was proposed
to prefer explainable Al (XAI) over black-box ML models for
QoE modelling [16].

With respect to QoE factors of web browsing, many studies
found that response times (i.e., waiting times) are the most
important QoE factor, as initially highlighted in [17]. Conse-
quently, early models for web QoE mainly focused on page
load time (PLT) [4]. To provide a more fine-granular temporal
assessment of waiting times, a multitude of time instant met-
rics, e.g., Above the Fold (ATF) [18], and time integral metrics,
e.g., Google’s SpeedIndex (SI) [19], have been proposed, stud-
ied, and used for QoE models since then [2]. Most recently,
Google proposed Core Web Vitals [20], which emphasize the
overall user experience with web pages, however, were found
to not well correlate to web QoE [21].

Traditional web QoE models are usually based on the IQX
and WQL hypotheses. While the IQX hypothesis assumes
an exponential relationship between waiting time and web
QoE [22], the WQL hypothesis assumes a logarithmic relation-
ship on a linear ACR scale [23]. Also, the standardized model
G.1030 [6] relies on a logarithmic relationship. Recently,
more complex methods to model web QoE were presented,
including also machine learning-based approaches [24]. [2],
[25] provided a comprehensive overview over waiting time
based studies and models.

Despite this plethora of works on the QoE of individual web
or video stimuli, there is much less work considering the QoE
of a longer session with multiple, diverse stimuli. Considering
the aggregation of multiple subsequent QoE ratings into an
overall score, [26] investigated the memory effect for web
QoE. They identified transient effects when the service quality
decreased over a sequence of stimuli, as well as an influence of
the preceding quality levels on the rating of the current stimuli.
They proposed to use an Iterative Exponential Regression
Model (IERMo) to model the evolution of the QoE over the
course of a multi-stimuli web session. [9] used the IERMo
model on mixed sessions with both video and web stimuli,
and found that standard video and web QOE models are
incompatible and might not be able to appropriately map the
network conditions to MOS for mixed sessions. Also related,
[27] studied the QoE of videos composed of 1-3 different
scenes and assumed that the QoE updates in a non-linear and
asymmetric fashion after every content, i.e., scene. Similarly,
[28] proposed a cumulative video QoE model, however, with-
out explicitly studying the impact of video content changes
during model updates. To the best of our knowledge, the
only study on a combination of web and video stimuli was
conducted in [29]. They found that low web page load times
did not affect the QoE of a subsequent video, concluding that
users expected short delays when browsing to a video. Apart

from these works, also general principles and cognitive biases
from psychology should apply to session QoE, such as the
anchoring effect [30] and the peak-end rule [31].

III. METHODOLOGY

For our session QoE study we developed a customized
crowdsourcing framework using jsPsych [32], a JavaScript
library designed for behavioral experiments in web browsers.
This framework empowers us to seamlessly conduct experi-
ments across a diverse participant pool, facilitating comprehen-
sive data collection for crowdsourcing studies. The framework
boasts a versatile array of plugins that can be effortlessly
tailored to meet specific experiment requirements. Moreover,
if needed, we have the flexibility to develop additional custom
plugins. In our study, we fine-tuned the framework to adhere
to crowdsourcing best practices [33] while retaining complete
control over the presentation of web pages and video playback.
Following a top-down approach, we simulate various PLTs
and stalling events, ensuring the experiment’s autonomy from
individual participants network conditions by manipulating
DOM elements and adjusting video playback timings.

In this study, we aim to investigate how individual stimuli
influence the overall QoE during a session. Participants ac-
tively engage in sessions that encompass both web browsing
and video streaming. Mixed sessions mirror typical online
experiences, given that videos are nowadays even commonly
embedded in standard webpages. Our examination focuses on
the PLT for individual web pages, using a custom creation
of a news and shopping page, under two scenarios: a fast
PLT of 1 second (W0) and a slow PLT of 10 seconds (WS),
representing diverse loading speeds. The video component,
which consists of a 30 second excerpt from Big Buck Bunny,
undergoes also two conditions: one with no stalling event (V0)
and another with 3 uniformly distributed 4 seconds stalling
events (VS). We propose the following naming convention for
our study: VO’ represents a video without stalling, *VS’ for
a video with stalling, W0’ for a web with fast Page Load
Time (PLT) of 1 second, and WS’ denotes a web with slow
PLT of 10 seconds. The notations ’V/W’ indicate content
type (video/web), and 0/S’ describe the degradation type,
where *0’ signifies undisturbed (V: no stalling, W: fast PLT),
and ’S’ indicates stalling (3 stalling events) or slow PLT (10
seconds). To encompass a wider range, we also investigate
the influence of the stimuli on the session MOS for two
distinct session lengths: three stimuli (base) and nine stimuli
(long). For simplicity, the long session is created by repeating
the short session three times. Therefore, by creating mixed
sessions through the combination of two web stimuli with
one video stimulus or vice versa, the experimental design
encompasses a total of 48 unique sessions. This constitutes
a factorial design, systematically exploring the impact of the
examined conditions on the overall online session experience.

We published our study on Microworkers! to take advantage
of a large-scale crowdsourcing platform. Initially, participants

Uhttps://www.microworkers.com/
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Fig. 1: Distribution of different stimuli ratings

were familiarized with the study and test content through
clear instructions and illustrative stimuli. The study consisted
of two parts. In the first part, the participants observed a
complete session consisting of 3 or 9 stimuli and gave a
comprehensive evaluation of the entire session. Subsequently,
in the second part, the individual stimuli within the session
were presented one after the other so that the participants
could rate each stimulus independently. Ratings are based on
a 5-point Absolute Category Ranking (ACR) scale (bad, poor,
fair, good, excellent). Additionally, participants were required
to memorize a letter included in a video or interact with the
presented webpage as a simple validation check to ensure
they had actually engaged with the content. Also, if a user
exits the study tab, their participation is flagged as invalid.
This precaution is taken because it cannot be guaranteed
that the participant engaged thoughtfully in the study under
such circumstances. A total of 2552 users participated in the
crowdsourcing study. After excluding participants that did not
pass the validation check, switched the study tab, and those
who participated multiple times, we retained 613 valid runs.
Among these, 329 runs are dedicated to the base case. In
average, each of the 48 unique sessions got rated 6.8 times,
while the median remains at 6.5. The number of valid ratings
ranged from 1 to 15 per run. For the long case, we retained
284 runs. These sessions included a minimum of 2 and a
maximum of 12 ratings per session. while the median and
average number of participants per unique session is 5.0 and
5.9 respectively. In addition to collecting stimuli and session
ratings, our study sought valuable insights into participants
backgrounds by gathering personal information. Participants
willingly shared details such as gender (male, female, other),
origin, education level, and Internet usage patterns. Examining
the gender distribution, we found that 60% of participants
identified as male, 39% as female, and 1% chose ’other’.

IV. EVALUATION
A. Influence of Web and Video QoE on Session QoE

Before assessing the session QoE, Figure 1 investigates the
QoE of the individual stimuli, that comprise the sessions.
The x-axis represents the investigated stimuli, while the y-
axis shows the distribution of ratings and the corresponding
Mean Opinion Score (MOS) for each stimulus. The rating
distribution is shown as a percentage of participants who rated
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Fig. 2: Base vs Long: Distribution of different session ratings

the stimulus, with the session MOS and its associated 95%
confidence interval given by a white line within each bar.
Notably, users consistently assign lower ratings to disrupted
stimuli compared to their undisturbed counterparts. This dis-
tinct disparity underscores the robustness of the employed
methodology. On a broader scale, we observe that video
stallings lead to a reduced MOS, similar to the effect observed
with an extended PLT during web browsing. This trend is
further supported by the MOS values. Specifically, the MOS
for video stalling (VS) lies at 2.98 (95% CI: 2.83, 3.13),
contrasting with 4.52 (95% CI: 4.44, 4.60) for video without
stalling (V0). A similar trend is observed in the web stimuli,
where the MOS is 3.4 (95% CI: 3.26, 3.54) for slow PLT (WS)
and 4.41 (95% CI. 4.32, 4.49) for fast PLT (WO). Notably,
VO and WO applications exhibit no significant difference, as
demonstrated by the overlap of the respective confidence
intervals. Conversely, for the degree of degradation in this
study, users see disruptions in video stimuli more bothersome
than slow PLT in web browsing, as shown by a clear MOS
difference of 0.44 and no overlapping confidence interval.

After we found out that degradation of stimuli results in
deteriorated MOS values, the subsequent analysis delves into a
more detailed examination of the influence of individual stim-
uli on the overall MOS. Figure 2 illustrates the session MOS
when a specific stimulus is included in the base session or the
long session. Consistent trends are observed for each session
length. Degrading the video content is clearly associated with
lower overall satisfaction, evident in the session MOS for both
session lengths: 4.04 for VO (Long: 4.03) and 3.47 for VS
(Long: 3.32). In contrast, for the web browsing stimuli, such
a direct correlation is not recognizable. The session MOS for
base sessions is 3.78 for WO (Long: 3.67) and 3.73 for WS
(Long: 3.63). Consequently, it can be inferred that a high-
quality fluid video positively influences user satisfaction, while
video disruptions have a negative effect. However, no such
discernible influence is noticed for the web browsing stimuli
based on the presented plots. Upon examining the MOS per
session for a single stimulus across various session lengths,
the current obtained results indicate, that base sessions have a
slightly higher MOS compared to long sessions.

In the subsequent step, the influence of the session length
on the overall session MOS is examined in more detail.
Figure 3 presents the average ratings across all 48 unique
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viewed sessions for both session lengths. Black dots represent
base sessions, while blue dots correspond to long sessions.
The y-axis indicates the MOS, and the x-axis shows the
sessions sorted based on the MOS score for the base sessions.
Additionally, the single stimuli of the corresponding session
are color-coded, allowing investigations into whether the MOS
score increases when undisturbed stimuli are included in the
session. The WO and VO stimuli are colored green, WS stimuli
are colored orange, and VS stimuli are colored red. Upon
investigating the influence of session length on the MOS score,
it is evident that in 30 of the 48 considered sessions, base
sessions result in higher MOS scores. In 16 sessions, the long
session receive higher ratings, with the remaining 2 sessions
being equally rated. Consequently, it seems like participants
experience slightly higher satisfaction when viewing base ses-
sions compared to long sessions, which underlines the previous
indications based on Figure 2. Furthermore, an investigation
into the effects of both undisturbed and disrupted stimuli
on the overall session MOS can be conducted. A thorough
analysis of the coloring of the stimuli reveals that sessions with
a higher prevalence of undisturbed stimuli generally result in
higher MOS values. Conversely, degraded stimuli are primarily
concentrated on the left side of the figure. In the top 17
sessions, only a single session includes a VS stimulus, while in
each of the lowest 10 rated sessions, at least one VS is present.
This indicates a noticeable trend, suggesting that the VS
stimulus significantly influences the overall user experience.
For the slow web stimulus WS it also seems like most of the
sessions with at least one WS stimulus are contained in the
bottom half. However, a closer look reveals that almost a third
(9 of 30) of WS containing sessions appear in the top third.
The graph also implies that bad stimuli at the end reduce the
MOS, as these sessions are mainly in the lower half (17 of
24).

B. Statistical Investigation

To delve deeper into our investigation of session QoE
and validate our findings, we employ statistical tests on the
dataset. As multiple tests are performed, the single p-values
are corrected using the Holm-Sidak correction where required.
To enhance the robustness of our results, we once oversampled

TABLE I: Statistical investigation of session length and posi-

tional stimuli influence on session MOS

Influence Test Result - Base Result - Long
Base vs Long MWU

Position VO KW p = 0.0709 p = 0.5060
Start vs Middle MWU  p = 0.0846 p = 0.5614
Start vs End MWU p=0.3398 p=0.7110
Middle vs End MWU p = 0.2498 p =0.7334
Position VS KW p = 0.1036

Start vs Middle MWU p = 0.6454

Start vs End MWU  p=0.3470 p = 0.8205
Middle vs End MWU p = 0.0766

Position WO KW p = 0.3605
Start vs Middle MWU p = 0.3278
Start vs End MWU  p = 0.0895 p=0.1736
Middle vs End MWU p=0.1536 p = 0.6228
Position WS KW p = 0.3505

Start vs Middle MWU  p = 0.3872 p = 0.0589
Start vs End MWU  p = 0.5444

Middle vs End MWU p=0.7718

the individual participant responses, ensuring an equal number
of ratings for all sessions. Subsequently, the oversampled
data points are utilized in the statistical tests. Additionally,
to maintain the integrity of the comparisons, redundant data
points shared across multiple sets undergoing statistical tests
are systematically eliminated, whenever feasible, to maintain
the integrity of the analyses. All conducted tests with their
corresponding results are given in Table I. If the difference
between the groups is significant, it is highlighted in color, and
the significance test result is mentioned after the corresponding
p-value if it is significant.

To evaluate the influence of session length on the session
MOS, the Mann-Whitney-U (MWU) test is employed. The
resulting p-value of p = 0.0356 indicates a significant dif-
ference, signifying that base sessions receive higher ratings
when compared to their longer counterparts. In addition to the
impact of session length on the session MOS, our analysis
reveals that the video performance significantly influences
the session MOS. Further investigation is conducted with the
Kruskal-Wallis (KW) test to explore whether the placement of
individual stimuli within a session contributes to variations in
the session MOS. For V0, no significant influence is observed.
The same applies to VS for base session, while for long
sessions the KW test identifies a significant difference with
a p-value of p = 0.0001. Subsequent pairwise MWU tests
demonstrate that the session MOS is lower when the VS
stimulus is placed at the start (p < 1073) or end (p < 1073)
of the session compared to the middle. In comparison to the
video stimuli, a significant difference is evident for the WO
stimulus. For the base session length, the KW test reveals a
significant difference, with a p-value lower than p = 0.0036,
emphasizing the importance of positional placement. The
pairwise MWU test results indicate that the session MOS is
lower when the WO stimulus is presented at the start position
(p = 0.0031) compared to the middle position. Regarding the
long sessions, no significant difference could be discovered.
Turning to the WS stimulus, no positional influence is evident
for base sessions, whereas for long sessions, the p-value is
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Fig. 4: MOS estimation models

less than p < 1075, warranting a pairwise positional analysis.
The MWU test demonstrates that the WS stimulus significantly
increases the session MOS when placed at the end. The
associated p-values are p = 0.0060 for the start and less
than p < 1075 for the middle position when compared to
the end position, respectively. The positional influence of the
web stimuli on session MOS is a bit surprising given the
trend from Figure 3, where it appeared that the position and
PLT of the website had no such influence on session MOS
as identified here. The statistical tests confirm the significant
difference for the different session lengths. However, as the
positional influences are different for both session lengths, no
further general conclusion can be drawn here.

C. Adaptation of Existing QoE Models

To estimate the overall session QoE, eight different model
types are examined. The mean model calculates the mean of
the individual stimuli scores. The recency model, as its name
implies, uses the score of the last presented stimulus as the
session MOS. The peak-end model considers the peak score,
either the minimum or maximum value, and the last score.
Both possible minimum and maximum peaks are examined
in our analysis. We further select a cumulative model based
on [28], which calculates the session score based on the
minimum, average, and last score. The Iterative Regression
Model (IERMo), as described in [26] can be used to esti-
mate the MOS of a session. Originally designed for sessions
involving web browsing exclusively, this model requires adap-
tation, as proposed in [9], to use it for our studied sessions.
The modified IERMo model processes a sequence of scores
from a given session to estimate the session score. It uses
exponential regression to simulate a decreasing weight over
successive stimuli with similar scores. However, if a stimulus
with a different score occurs, the current rating significantly
influences the session score.

We also use two linear models to predict the session score.
These models are fitted using ordinary least squares (OLS)
regression, once with the conditions of the stimuli at each
position in the session as categorical parameters (OLS Cat)
and once with the MOS output of QoE models specific to
each stimulus as a parameter (OLS QoE), respectively. Both
models also consider session length as a categorical parameter.
To derive the MOS using QoE models, we apply P.1203 for

video stimuli and the WQL PLT model for web sessions, as
detailed in [7] and [23], respectively.

The eight introduced model types can now be applied for
two tasks: 1. prediction of the individual session rating of a
user based on his or her ratings of the stimuli in that session 2.
prediction of the session MOS, i.e., the average session rating
over all users, using the QoE scores of the stimuli in that
session. Note that the OLS models will output the same session
scores for both tasks as they only take session characteristics
as input. This means they do not explicitly consider stimuli
ratings for the prediction although the ratings were implicitly
considered during model fitting.

First, we will investigate the performance of the models
for the prediction of the individual session rating based on
the ratings of the stimuli within the session. Figure 4a shows
the cumulative distribution functions (CDF) that visualize
the distributions of the prediction error for the described
models on the x-axis. The prediction error is calculated by
the prediction rating minus the actual session one, so that
a positive prediction error corresponds to an overestimation
and a negative one to an underestimation. In our study, each
participant rated the QoE of the session on the ACR scale,
requiring our models to predict categorical session ratings.
However, as the model outputs can be continuous values,
rounding is applied where necessary. To prevent graphs from
overlapping, we decided to apply a small horizontal shift to
each CDF, so that all prediction error distributions are clearly
visible. Considering the results obtained from Figure 4b, it is
noticeable that both OLS models and the peak-end-max model
are the least likely to correctly estimate the session score,
while the increase is maximal for the cumulative, IERMo, and
mean model. To gain a better overview of all models, the Mean
Absolute Error (MAE) is calculated and compared between the
single models. The MAE is lowest for the mean model (0.57)
followed by IERMo (0.60), cumulative (0.61), peak-end-min
(0.71), recency (0.71), peak-end-max (0.74), while for both
OLS models it is above 0.9.

We now consider the task of predicting the session MOS,
i.e., average rating of the session, from the QoE scores of the
individual stimuli. Figure 4b presents the corresponding results
for the different models for all of the 96 different session types.
The results show that all models perform similarly, except that
the CDF for the recency and mean model are slightly shifted
to the left. Consequently, MAE of the individual models is
examined. Here, the OLS Cat model has the lowest MAE
of 0.43 followed by the OLS QoE (0.48), cumulative (0.48),
peak-end-min (0.49), IERMo (0.50), mean (0.52), peak-end-
max (0.52), and recency (0.56) model. Considering the pre-
diction errors of the models in both tasks, the mean model
seems to be the best choice, as it achieved the lowest MAE
in predicting the individual session rating and also provides a
low MAE for the second task of predicting the session MOS.
If, however, the focus is on session MOS estimation only, the
OLS Cat model performed best. Still, as no model performed
particularly better than the others for session MOS prediction,
it suggests that more studies are required to further investigate



wl w2 w3 w4
Base Long VO VS We WS Vo VS We WS Vo VS We WS

0.00
-0.25
-0.50
-0.75

Influence

-1.00

-1.25

Fig. 5: Fitted parameters of OLS Cat model (intercept: 4.81)

the influence of the individual stimuli of a session as well
as the characteristics of the session as a whole. As the OLS
Cat model performed best for the session MOS prediction,
this model will be subject to further analysis, as it can also
be used to carry out further investigations, i.e., it allows to
explore the influence of parameters on the session MOS using
analysis of variance (ANOVA). The p-values associated for
all stimuli positions are low, and thus significant, with the p-
value for the start stimulus being the largest at p < 1078,
To quantify the effect sizes, we can calculate 1> based on
the proportion of variance in the MOS estimation from the
single parameters. The corresponding n? values are 0.002 for
session length, 0.025 for the category of the start, 0.029 for
the category of the middle and 0.103 for the category of the
end stimulus of the session. According to the 7? effect size
classification in [34], the start and middle position have a small
effect, while the the end position has a medium effect on the
session MOS. This result is surprising in that it suggests that
the end stimulus has a significant effect on the session MOS
and therefore the peak-end model should predict the session
MOS fairly accurately, although its estimate is worse than for
the OLS model.

Furthermore, by examining the coefficients of the fitted OLS
model, we can gain insights into the individual contributions
of each parameter to the session MOS. Figure 5 illustrates
the parameters of the OLS Cat model, with its formula given
in Equation 1. The intercept corresponds to a baseline that
represents the predicted value of the session MOS when
all variables are set to zero. In our equation the baseline
corresponds to a base session with only VO stimuli, although
such a session is absent in our study. s/ corresponds to the
categorical session length indicator, which has the value O for
base and 1 for long sessions. cond(stimX) indicates which
stimulus (V0, VS, WO, or WS) was at position X € 1,2,3
inside the session, thus, adding the impact of position and
stimulus type to the equation. Note that the OLS model fits
only three weights for the four stimuli, as one stimulus (here:
V0) is considered as baseline, which is identical to using a
fixed weight of O in these cases.

MOS = intercept + w1 * sl + wa * cond(stim]1) (€))

+ ws * cond(stim2) + wa * cond(stim3)

The fitted intercept has the value 4.81, which represents the
MOS of the base session with only VO stimuli. All other fitted
parameter values adjust this value based on their respective
influences on the session MOS, as depicted in Figure 5. As
all values are negative, they have a negative impact on the

session MOS in the presence of the corresponding condition
compared to the baseline conditions (i.e., base session length
and all VO stimuli). This confirms the previous finding that
long sessions have a negative influence on the session MOS
(long: -0.13). Furthermore, the OLS model reveals that VS (-
1.05) has a substantial negative impact on session MOS when
presented as the end stimulus of a session, compared to the
start (VS: -0.51) and middle (VS: -0.50) positions, where the
influence is smaller and nearly identical. The influence of WS
appears consistent across all positions, which confirms the
previous observation for the base sessions, while it contradicts
it for the long sessions. On the other hand, concerning WO,
the OLS model indicates that the later the stimulus appears
in the session, the less it negatively influences the session
MOS (Start: -0.35, Middle: -0.14, End: -0.10). The influence of
session length and the fact that VS and WS mainly worsen user
satisfaction are in line with the previously obtained results. A
new finding is that the stimulus VS as the final stimulus has
an even stronger negative influence on the MOS than at the
other positions.

V. CONCLUSION

Although various models exist to estimate the QoE of a
specific web stimulus like browsing a web page or streaming
a video, this is not the case for the QoE of web sessions con-
sisting of several individual stimuli. However, it is important
to close this gap and to obtain a holistic understanding how
the individual stimuli, their types, and conditions impact the
overall web session QoE to be able improve the overall QoE
on the Internet. In this work, we took the first steps on this path
by conducting a crowdsourcing study on the overall QoE of
mixed web sessions containing both undisturbed and degraded
web browsing and video streaming, which is a typical situation
for web users. Specifically, we investigated whether the session
length, the stimulus type and the position of the stimuli within
the session have an influence on the session MOS.

Considering the session length, it was found that short ses-
sions are overall better rated than longer sessions. Regarding
the influence of the stimuli which compose the session, we
found that the position and the QoE of the individual stimuli
had an impact on the session QoE, in particular, degraded
stimuli at the end lower the MOS the most. However, simple,
generic relationships could not be derived and thus require
follow-up studies in the future.

Since it is important to predict the user satisfaction in
sessions, different models types were considered and fitted to
the ratings obtained from our study. Here, simple averaging
of the individual ratings worked best to predict the individual
session ratings, while an OLS regression model (OLS Cat)
could most accurately predict the session MOS. However, it
became evident that no model was completely convincing,
underscoring the necessity for further research, given the
limited focus of this study. Still, this work provides initial
results on the important topic of session QoE, which can be
extended in future works, e.g., by considering a broader and
more diverse range of session lengths and stimuli types.
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