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Abstract—With the increase in consumption of multimedia
content through mobile devices (e.g., smartphones), it is crucial to
find new ways of optimizing current and future wireless networks
and to continuously give users a better Quality of Experience
(QoE) when accessing that content. To achieve this goal, it is
necessary to provide Mobile Network Operator (MNO) with real
time monitorization of QoE for multimedia services (e.g., video
streaming, web browsing), enabling a fast network optimization
and an effective resource management. This paper proposes a
new QoE prediction model for video streaming services over 4G
networks, using layer 1 (i.e., Physical Layer) key performance
indicators (KPIs). The model estimates the service Mean Opinion
Score (MOS) based on a Machine Learning (ML) algorithm, and
using real MNO drive test (DT) data, where both application
layer and layer 1 metrics are available. From the several
considered ML algorithms, the Gradient Tree Boosting (GTB)
showed the best performance, achieving a Pearson correlation of
78.9%, a Spearman correlation of 66.8% and a Mean Squared
Error (MSE) of 0.114, on a test set with 901 examples. Finally,
the proposed model was tested with new DT data together with
the network’s configuration. With the use case results, QoE
predictions were analyzed according to the context in which the
session was established, the radio transmission environment and
radio channel quality indicators.

Index Terms—Mobile Wireless Networks, LTE, Video Stream-
ing, Quality of Experience, Machine Learning.

I. INTRODUCTION

One of the most prominent issues that current and next-
generation wireless network operators will face is assuring
high Quality of Experience (QoE) to an increasing number of
users, in services that generate a high network load, as video
streaming [1]. In this context, much work has been done on
assessing Quality of Service (QoS) through the measurement
of specific network key performance indicators (KPIs) and
drive tests (DTs) (e.g., [2] [3] [4]). However, these metrics
cannot directly assess the user’s QoE. Most of the proposed
video streaming QoE models (e.g., [5] [6]) rely on application
layer metrics that are not measurable in real-time by the
Mobile Network Operators (MNOs) being only available at
the client side; thus, these models are inadequate to predict the
QoE from the MNO’s perspective. Hence, MNOs have limited

capability to obtain a proper gauge of the network’s QoE status
at any given time, undermining near real time monitoring and
optimization.

Some work has been developed regarding the estimation of
QoE for other services, namely voice and web browsing [7],
using real network data. Concerning video streaming QoE
estimation, although it has been an active research area, to
the best of the authors knowledge, most of the works target
analytical and simulation approaches (e.g., [8] [9]), lacking
contributions with real MNO data. In this work, a QoE model
for predicting the quality that a user experiences in a video
streaming session through a 4G network, based on objective
radio channel QoS metrics is proposed. To this end, Machine
Learning (ML) techniques are used with the goal of building
a mathematical model between network QoS metrics and a
QoE metric, the Mean Opinion Score (MOS), based on data
obtained from several dedicated DTs in a live 4G network.

The paper is organized as follows: in Section II the used data
is analyzed; Section III presents the QoE model development
process and results; Section IV presents a real scenario where
the model is applied. Finally, conclusions are drawn in Section
V.

II. DATA ANALYSIS

The development of the proposed QoE model was supported
by data provided from dedicated DT campaigns, where video
streaming services were established and monitored with the
following conditions:

• The video streaming service was tested by playing a
Youtube video, from a set of three different videos, two
of them lasting 45 s and one lasting 47 s.

• Several application layer metrics were measured during
the Youtube video session (e.g., number of video freezes,
average video resolution) and with the layer 1 protocol
(e.g., Channel Quality Indicator (CQI), Reference Signal
Received Quality (RSRQ), Scheduled Throughput).

• Three MNOs of 4G networks were tested.
• Two distinct mobile devices, Samsung Galaxy S8 (SM-

G950F) and Sony XZ (F8331) were used.



• The DT campaigns were conducted in different locations
(cities, highways, suburban and others) and mobility
settings (no mobility or at different speeds);

From the DT campaigns, the sessions with missing KPIs or
with incomplete data due to failure in initiating the video
stream were removed. This resulted in a dataset for the model
development with 4510 video streaming sessions of which
80% (3608 sessions) were used as training data and the
remaining sessions (901 sessions) were used for testing the
proposed model performance. For each session, 60 network
KPIs were retained together with the available application
layer metrics.

A. QoE Reference Model

In adaptive video streaming, the server has different repre-
sentations of the same video, each one with a different bitrate
(and subjective quality), and each representation is divided into
segments, which can be independently decoded by the client.
During the streaming session, the client may switch between
the different video representations, in order to cope with
channel throughput fluctuations. The main application layer
metrics that condition the QoE along the streaming session
are [10]: initial playout delay (due to initial buffering at the
client side), average quality of the transmitted video, frequency
and amplitude of the video quality switches, video freezes
(due to empty buffer) frequency and average video freeze
duration. The objective model proposed in [5] incorporates all
of these metrics, and was used in the present work to obtain
the MOS for each streaming session (and since the subjective
assessments, obtained with real users, were not available); it
is formally described by:

MOSest = 5.67∗ q̄

qmax
−6.72∗ q̂

qmax
−4.95∗F + 0.17 (1)

where q̄ represents the average video quality level (requested
by the client) and q̂ as its standard deviation; both are
normalized with respect to the highest available quality level,
qmax, for that video. Parameter F models the influence of
freezes and is given by:
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where φ and ψ represents the freeze frequency and the average
freeze duration, respectively. In this work, since Youtube
generates the different representations for the same video by
changing their spacial resolution, the q̄ and qmax parameters
are given by the average transmitted video spacial resolution
and by the maximum video spacial resolution available for that
video, respectively, which are directly available on the dataset.
Both φ and ψ were obtained through simple calculations using
some of the parameters provided in the dataset, as presented:

φ =
Interruptions [#]

Duration [s]
(3)

ψ =
Interruptions [s]

Interruptions [#]
(4)

The q̂ parameter could not be obtained since the data
regarding the changes in segment quality required for this
calculation was not available in the dataset. The q̂ was set
to zero assuming that due to the small size of smartphone
screens in which these videos were/are going to be watched,
the changes in resolution does not greatly impact the users’
QoE. After computing the parameters of (1) for each session,
their corresponding MOS values were obtained. Since (1)
results in MOS values in the range of [0, 5.84], these were
linearly rescaled to the usual range, [1 5]. The rescaled MOS
values are shown in Figure 1.

Fig. 1: MOS distribution (all sessions).

From Figure 1, it can be seen that the dataset is extremely
unbalanced, where the MOS values in the interval ]4, 5] are
at a clear majority. This may result in a possible difficulty
for the ML process to accurately predict the less represented,
lower values of MOS, which is not desirable since these are
the sessions in which the user is experiencing critical levels of
video streaming quality to which the MNO needs to be alerted
to.

B. Dimensionality Reduction
Since 60 network KPIs per streaming session were available

for model development, a feature selection process was carried
out with the purpose of reducing the ML training process
complexity and overfitting. In the first stage, and to eliminate
features providing similar information, the Pearson Correla-
tion Coefficient (PCC) between all KPIs was computed; the
resulting correlation matrix is presented in 2.

To eliminate some of the most correlated features, a thresh-
old of 0.8 was applied to the PCC values, reducing the number
of KPI features to 37.

In the second correlation stage, PCC and Spearman Corre-
lation Coefficient (SCC) between the remaining features and
the respective MOS values were computed. After obtaining
the Cumulative Distribution Function (CDF) of the PCC and
SCC values, it was verified that the 50th percentiles were,
respectively, 0.143 and 0.089. Given these low correlation
values, the KPIs included in the lower 50th percentile on both
CDF distributions were discarded, resulting in 22 KPI features
to be used on the model development.



Fig. 2: Heatmap of the Pearson correlation matrix between all
60 network KPIs.

III. QOE MODEL DEVELOPMENT

The proposed model aims to predict the MOS values of
video streaming sessions, from the appropriate network KPIs
- available in real time to the MNOs - and was obtained
using a learning algorithm over DT data provided by MNOs.
According to [11], ensemble methods - where multiple learn-
ing algorithms are combined (e.g., decision trees) - may offer
significant improvements in both robustness to skewed distri-
butions and in predictive power, when used with unbalanced
training sets, which is the case in this work.

For this reason, several ensemble algorithms were con-
sidered during model development, namely: Gradient Tree
Boosting (GTB), Extra Trees (ET), Random Forest (RF) and
Adaptive Boosting (AB). Additionally, the Support Vector Re-
gression (SVR) algorithm was used as a comparison between
ensemble-based methods and a commonly used regression
algorithm.

A. Performance Metrics

During model development, the following performance met-
rics were used:

• Correlations - Spearman and Pearson correlations were
used to assess the relationship between predicted and
ground truth MOS values;

• 10-Fold Cross Validation (CV) using Mean Squared
Error (MSE) - Allows for tuning the ML model hyper-
parameters by splitting the training data into ten subsets
of data, where in each iteration nine subsets are used for
training and remaining one is used for validation. The
best hyperparameter configuration is the one that results
in the lowest MSE between predicted and ground truth
MOS values;

• Stratified Error - By splitting the dataset in four MOS
strata (i.e., [1, 2], ]2, 3], ]3, 4], ]4, 5]), the MSE can be
computed per stratum, allowing a higher granularity for
the error analysis. In fact, due to the skewed MOS distri-
bution towards the highers values, if the MSE is measured
on the whole MOS range it will be mainly influenced by
the error in the higher MOS values, preventing a proper
assessment of the model performance in the lower MOS
range.

• Mean Absolute Scaled Error (MASE) - The MASE
compares the Mean Absolute Error (MAE) of the model’s
predictions with the predictions of a naı̈ve model [12],
which, for this dataset, can be a model that simply outputs
the median of MOS values;

• R-Squared - Represents the proportion of variance of
the prediction results that have been explained by the
independent variables (features) of the model. It provides
an indication of goodness of fit and therefore a measure
of how well unseen samples are likely to be predicted by
the model.

B. Data Balancing and ML algorithms Analysis

In order to address the concerns posed at the end of Section
II-A regarding the possible learning impairments when the ML
algorithms receive as input a severely unbalanced dataset, the
initial training set was modified so that all MOS strata were
more evenly represented in the resulting distribution. To test
the hypothesis that the prediction accuracy of the more critical
values of MOS - those belonging to the strata [1, 2], ]2, 3] -
could increase, 90% of the sessions belonging to the interval
]4,5] were removed, at random, from the training set, in order
to achieve a more balanced training set while still capturing the
tendency, from the original distribution, of the highest MOS
interval of being the most represented. Ten models were then
created using the unbalanced and balanced training sets, and
the five aforementioned ML algorithms; the models prediction
performance was analyzed using the metrics listed in Section
III-A, and the results are presented in Table I. In this table,
the darker colored entries identify, for each performance metric
and algorithm, the training set with best performance, balanced
or unbalanced. From the results’ analysis the following can be
stated:

• For all ML algorithms, the majority of the performance
metrics indicates that the unbalanced training set pro-
duces the best results; however, from the Stratified Error
metric, it is visible that there is a decrease in the MSE
from the balanced to the unbalanced training sets, in
the intervals of ]2, 3] and ]3, 4], and only a marginal
increase in the interval [1, 2] for ET and AB algorithms.
Additionally, an increase in MSE is verified from the
balanced to the unbalanced training sets in the ]4,5]
stratum which is not significant since it is more important
to accurately predict the MOS in the lower strata. The
decrease in MSE, seen in the intervals ]2, 3], ]3, 4]
for all algorithms and [1, 2] for the GTB, RF and
SVR algorithms, proves that when a ML algorithm uses



TABLE I: Balanced (B) and Unbalanced (UB) training set
performance comparison.

a balanced training set, it can produce more accurate
predictions for less represented values than when using
an unbalanced training set;

• All considered ML algorithms could be used, with vary-
ing degrees of performance and complexity, to obtain
acceptable MOS predictions;

• Regarding the ensemble learning algorithms, both the
GTB and RF have similar performances when using the
balanced training set in terms of the Stratified Error, and
are able to outperform the ET and AB algorithms in this
particular metric for the two lowest intervals of MOS.
Furthermore, the GTB algorithm outperforms the RF in
six of the performance metrics, being only marginally
worse in one of those metrics.

• The SVR produces the best predictions for most of the
lower stratified error intervals but performs significantly
worse than the other algorithms in all other metrics.

The correct predictions of the lowest MOS interval is the
most important since these values correspond to the most
critical QoE that a user has when watching a video; such poor
experience, when accurately predicted, can alarm a MNO al-
lowing for improvements to be made to its network, ultimately
increasing customer satisfaction and decreasing service churn
rates. Thus, the balanced training set was used to train the
final model.

Table I shows that the best performing ML algorithm in
most of the metrics is the ET algorithm. However, in what
concerns the Stratified Error, and as can be seen in Figure 3,
the ET algorithm underperforms the others in the two lowest
intervals of MOS values, which is not desirable at all. As
such, the algorithm that ensues is the GTB, which has the
second best performance in most metrics and outperforms the
ET algorithm in the three lowest intervals of MOS for the
Stratified Error. As such, the algorithm that ensues is the GTB,
which has the second-best performance in most performance
metrics and manages to outperform the ET algorithm in the
three lowest intervals of MOS for the stratified error. Together
with its low complexity, this makes it a candidate model to
be used, as it balances lower and higher MOS predictions

Fig. 3: Barplot of Stratified Error results (all algorithms).

accuracy. Therefore, the GTB algorithm model was selected
for the QoE model development, as it is expected to produce
accurate MOS predictions.

C. Proposed QoE Model

After using the GTB algorithm, the ”importance” of each
feature was obtained, according to [13]; it indicates the feature
relevance for the model learning: the higher the feature im-
portance, the greater the model dependence on that feature. To
determine how many non-relevant features could be removed
while maintaining the model performance, the features were
ranked according to their importance, and several models were
trained with an increasing amount of features, starting with
the most important ones (e.g. the 2nd model was trained with
the two most important features while the 10th model was
trained with the 10 most important features). The metrics used
to analyze each model were the MSE, the 10-Fold CV and the
Stratified Error and additionally the Adjusted R-Squared was
used. By using the Adjusted R-squared, it can then be assumed
that adding the remaining features is not necessary and that
these can be discarded, decreasing the model complexity. The
results of the model performance with an increasing number
of used features is presented in Figure 4.

From this figure, it can be observed that, after the addition of
11 features, most error metrics do not decrease significantly.
Therefore, the number of features was set at 11, since the
addition of more (and less important) features will not increase
the performance of the model, but increase its complexity and
the possibility of overfitting. The 11 selected features were
separated in three groups:

• Transmission Rate (80.9% importance) : Maximum
Aggregate Scheduled Throughput, Aggregate Average
Scheduled Throughput, Scheduled Throughput;

• Channel Quality (11.5% importance) : Uplink (UL)
Acknowledgments (ACKs), RSRQ, Downlink (DL) Num-
Transport Blocks (TBs), DL AvgBlock Error Rate
(BLER) and DL StDev CQI;

• Modulation and Coding (5.8% importance) : DL Mod-
ulation (MOD) Quadrature Phase Shift Keying (QPSK),



Fig. 4: Model performance with a cumulative number of used
features.

DL MOD64Quadrature Amplitude Modulation (QAM),
DL MOD16QAM.

The results obtained with the reduced features model on the
test set are shown in Table II.

TABLE II: QoE model performance using the GTB algorithm
and the reduced set of features.

From Table II the following comments can be drawn:
• The value for the MSE of the entire test set (i.e., 0.114)

is close to the stratified MSE for the interval ]4, 5] of
the test set (i.e., 0.103), which is expected since this is
the interval where most of the ground truth MOS values
belong to - even after training set balancing, meaning that
the error for the remaining intervals in stratified error do
not significantly influence this error. This shows that the
the Test Set MSE does not properly gauge the prediction
accuracy for the lower MOS values.

• From the Stratified Error metric, it can be noted that the
proposed model predicts the lowest intervals of the MOS
scale with low error.

• When comparing the 10-Fold CV metric with the MSE
for this test set, it can be asserted that the performance
verified for this particular test set is similar to that of
the entire dataset using CV. This means that the model
performance is maintained over several test sets and
surely will be maintained when the model is used on
new data.

IV. USE CASE

After obtaining a new, unseen dataset and with the coordi-
nates of these sessions, a geographical representation of the
MOS predictions was obtained, from where it was possible to
identify areas with low MOS predictions. These areas were
scrutinized by analyzing the radio context in which these
sessions took place. In this dataset the information regarding

which cell the User Equipment (UE) was connected to, for
the duration of the session, was also available. Together with
the network configuration information a detailed analysis was
conducted. This way, it was possible to conjecture about
why the MOS degradation was registered, taking into account
the 11 considered radio KPIs and the network configuration
leading, to the identification of, for example, poor coverage,
interference issues or low capacity.

Fig. 5: Example area where a prediction of poor MOS is
presented.

In Figure 5, an example of a low MOS area, is shown.
In it, it is possible to see the path of the vehicle in which
these sessions were conducted and their corresponding MOS
predictions. Several video sessions present a good (4) or
excellent (5) MOS value. However, one session presents a
MOS of 3, which could mean that this is an area with poor
radio channel conditions. Additionally, the sites to which the
UE connected to are Site A and Site B (shown with blue
markers in Figure 5). From the dataset, it was possible to
verify that another two eNodeBs, positioned further away,
also connected to the UE throughout the streaming session.
It was also verified, that the RSRQ was low for that particular
session, which is probably due to the fact that during the
video session the received power from neighboring cells lead
to the degradation of the radio channel’s conditions which
caused a decreased signal to interference plus noise ratio. This
resulted in the UE switching to a more robust modulation
scheme, in this case QPSK - as was verified in the DT data.
A consequence of using a more robust modulation scheme is a
decrease in throughput, which has a direct impact in the QoE,
since adaptive video streaming is very sensitive to changes in
throughput. This variation in throughput leads to a degradation
in quality of adaptive streaming which is correctly pointed out
by the proposed QoE prediction model.

V. CONCLUSIONS

This paper presents a novel QoE prediction model, for
video streaming based on real 4G data that estimates the
MOS given the required layer 1 KPIs. From the developed



work, it was found that the ML regression process, and
consequentially the models’ predictions, do benefit from a
balancing of the distribution of the training data. For the pur-
poses of substantiating the benefits of training set balancing,
there was a need for using different performance metrics,
namely the Stratified Error, which measures the MSE for
certain MOS intervals. Additionally, 5 different ML algorithms
were used and their performances compared, being the GTB
algorithm the one that managed to achieve the best results. The
model estimates QoE with a Pearson correlation of 78.9%, a
Spearman correlation of 66.8% and a MSE of 0.114. Another
conclusion is that the features related with the transmission
rate of the streaming session are the most important features
in predicting QoE for the GTB algorithm. These features
assumed a combined feature importance of approximately
81%. Overall, the performed predictions made using layer 1
metrics provide accurate results.
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