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On user-centric modular QoE prediction for VoIP
based on machine-learning algorithms

Paulos Charonyktakis, Maria Plakia, Ioannis Tsamardinos, and Maria Papadopouli

Abstract—The impact of the network performance on the quality of experience (QoE) for various services is not well-understood.

Assessing the impact of different network and channel conditions on the user experience is important for improving the

telecommunication services. The QoE for various wireless services including VoIP, video streaming, and web browsing, has been in the

epicenter of recent networking activities. The majority of such efforts aim to characterize the user experience, analyzing various types

of measurements often in an aggregate manner. This paper proposes the MLQoE, a modular algorithm for user-centric QoE

prediction. The MLQoE employs multiple machine learning (ML) algorithms, namely, Artificial Neural Networks, Support Vector

Regression machines, Decision Trees, and Gaussian Naive Bayes classifiers, and tunes their hyper-parameters. It uses the Nested

Cross Validation (nested CV) protocol for selecting the best classifier and the corresponding best hyper-parameter values and

estimates the performance of the final model. The MLQoE is conservative in the performance estimation despite multiple induction of

models. The MLQoE is modular, in that, it can be easily extended to include other ML algorithms. The MLQoE selects the ML algorithm

that exhibits the best performance and its parameters automatically given the dataset used as input. It uses empirical measurements

based on network metrics (e.g., packet loss, delay, and packet interarrival) and subjective opinion scores reported by actual users. This

paper extensively evaluates the MLQoE using three unidirectional datasets containing VoIP calls over wireless networks under various

network conditions and feedback from subjects (collected in field studies). Moreover, it performs a preliminary analysis to assess the

generality of our methodology using bidirectional VoIP and video traces. The MLQoE outperforms several state-of-the-art algorithms,

resulting in fairly accurate predictions.

Index Terms—VoIP, wireless networks, quality of experience, machine learning, E-model, PESQ, statistical analysis, modeling,

user-centric

✦

1 INTRODUCTION

THE impact of the network performance on the quality of
experience (QoE) for various services is not well under-

stood. In general, Quality of Service (QoS) indicators based
on throughput, latency, jitter, and packet loss, have been
employed to quantify network and service performance.
For various applications, a maximum tolerable end-to-end
network delay has been estimated (e.g., about 150 ms for
VoIP applications [1], [2]). However, it is unclear whether
the use of this fixed threshold as a “rule-of-thumb” can
result in an accurate prediction of the QoE, based on which
an effective adaptation can be performed to improve the
service. The temporal statistical characteristics of the packet
losses and delays in the context of a service may affect the
user experience differently. It is important to distinguish the
metrics with dominant impact on the performance of certain
applications and the conditions that substantially degrade
their performance as perceived by users [3]. ITU had pro-
vided a definition of QoE: “QoE is the overall acceptability of an
application or service, as perceived subjectively by the end user”,
“includes the complete end-to-end system effects”, and “may be
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influenced by user expectations and context” [4]. However, the
following recent definition highlights more clearly the user-
centric and contextual aspects: “QoE is the degree of delight or
annoyance of a person whose experiencing involves an application,
service, or system. It results from the person’s evaluation of the
fulfillment of his or her expectations and needs with respect to
the utility and/or enjoyment in the light of the person’s context,
personality and current state” [5].

The assessment of QoE with explicit feedback from users
can be intrusive, time-consuming, and expensive. However,
to effectively adapt and improve a service, the accurate
prediction of the QoE becomes important. A diagnostic tool
that indicates whether users perceive the deterioration of the
network performance can be very useful. When users do not
perceive a performance degradation, an adaptation could
be avoided. In our earlier papers [6], [7], we statistically
analyzed the impact of network conditions (e.g., handover,
heavy UDP, and heavy TCP traffic), different codecs (e.g.,
AMR, G.711) on the estimated quality of user experience
using ANOVA and Tukey’s HSD criterion. The analysis
revealed highly statistical significant differences between the
estimations of the E-model and PESQ, as reported by the
Student’s T-test (p < 0.01). This motivated the need for a
more thorough statistical analysis with larger datasets.

This paper builds on our earlier work and extends the
analysis of the impact of the network conditions on the
QoE. It then presents the MLQoE, a modular system, for
user-centric QoE prediction of VoIP. MLQoE employs various
state-of-the-art machine learning (ML) regression algorithms
that correlate network metrics with user feedback and se-
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lects the best algorithm for predicting the QoE on a per-
user base. Specifically, the MLQoE selects the ML algo-
rithm that exhibits the best performance and its parameters
automatically given the dataset used as input. Although
this paper focuses on VoIP, the methodology is general
and can be also applied in other services. To address the
high dimensionality of the data (i.e., reduce the number
of network metrics that have to be measured), the algo-
rithm identifies the network metrics that have a dominant
impact on QoE by employing causal-based and Bayesian
Network-based feature selection methods. We performed
an extensive comparative analysis and validation study of
the MLQoE using three unidirectional datasets containing
VoIP calls over wireless networks under various conditions.
The datasets include opinion scores (QoE) collected from
users in the context of auditory field studies. The MLQoE
is compared with various other mathematical models based
on QoS parameters (such as E-model, WFL, IQX) and signal
processing techniques (PESQ). To assess the generality of
our methodology, we applied it on data collected in the
context of a video streaming service and bidirectional VoIP.
The analysis distinguishes the packet loss as the domi-
nant network parameter that affect the user satisfaction
and demonstrates the benefits of the user-centric modular
aspects of the MLQoE. To the best of our knowledge, it is the
first paper that models the QoE of a service in a such user-
centric modular manner. Its main advantage is its ability to
incorporate various algorithms and automatically select the
best one (and its parameters) based on the training datasets.
It learns the most out of each data set. It also consistently
outperforms other state-of-the-art algorithms.

The paper is structured as follows: Section 2 overviews
various QoE models and the related work. Section 3 presents
our methodology and proposed algorithms, while Section 4
describes the field studies. Section 5 focuses on the per-
formance analysis. Specifically, in Section 5.1, we describe
the experimental setup, while Section 5.2 discusses the
comparative performance analysis. In Section 6, we present
preliminary results for estimating the QoE in a bidirectional
VoIP dataset and a video streaming service. Finally, Section 7
summarizes our conclusions and future work plan.

2 QOE MODELS

The prediction of QoE for VoIP can be performed by ap-
plying mathematical models based on QoS parameters (e.g.,
E-model [8], WFL [9]), signal processing techniques (e.g.,
PESQ [10]), or data-mining algorithms (e.g., non-linear re-
gression models [11], [12]). The E-model is based on packet
loss and end-to-end delays considering also other factors,
such as voice loudness, background noise, equipment im-
pairment, packetization distortion, and codec robustness.
It produces a rating, the R-factor, that estimates the voice
quality:

R = R0 − Is − Id − Ie−eff +A

The ITU-T provides an R-to-MOS conversion formula. The
term R0 accounts for the basic signal-to-noise ratio the
user receives and takes into consideration the loudness
of the voice, and the noise introduced by the circuit and
background sources. The term Is represents voice specific

impairments, such as too loud speech level (non-optimum
OLR), non-optimum sidetone (STMR), and quantization
noise (qdu), while the term Id indicates the impairments
introduced by delay and echo effects. The term Ie−eff is
the equipment impairment factor, which corresponds to
impairments due to low bit-rate codecs and packet losses
(i.e., percentage of packet losses and their burstiness index
BurstR). Finally, the term A is an “advantage factor” that
takes into consideration the user’s understanding of trading
voice quality over convenience. The outcome of the E-model
is correlated with the subjective MOS. Although it can be
used in network planning, the accuracy and validity of
its linearly additive property is questionable [13]. The E-
model is also applicable to a number of codecs and network
conditions [11].

The Weber-Fechner Law (WFL) [9] indicates the relation
of QoE and QoS according to the following differential
equation:

∂QoE

∂QoS
∼ −

1

QoS
(1)

Integrating (1) leads to:

QoE = log(aQoS + b) (2)

Reichl et al. [14] applied the WFL to model the QoE as a
function of the bitrate (using logarithmic regression) in the
case of Speex codec. An “inversion” of the WFL, the IQX
hypothesis uses exponential regression as follows:

∂QoE

∂QoS
∼ −(QoE − γ) (3)

and integrating

QoE = ae−bQoS + γ (4)

Hossfeld et al. [15] proposed a QoE model based on the
packet loss for iLBC and G.711 codecs. However, none of
the models has been evaluated for QoE prediction.

Unlike the above methods that integrate directly QoS
metrics, the PESQ estimates the perceptual difference be-
tween two audio signals, assuming that the samples are
temporarily synchronized and of 6 s to 20 s duration.

Classification and regression methods based on ML and
statistical analysis have also been employed for the pre-
diction of QoE. These methods assume as “ground truth”
the MOS that the E-model or PESQ reports. Thus, their
estimations propagate the error of the E-model and PESQ
[11], [12], [16], [17], [18], [19]. Typically, studies that perform
subjective tests estimate the performance of their models
using the simple hold-out estimation [20], [21] or the cross-
validation algorithm [22], [23], [24]. The hold-out estimation
separates the dataset into two sets, called the training set
and the testing set. Thus, in hold-out, only a portion of the
data is used for training and the rest for testing. In cross-
validation instead, the dataset is divided into k subsets,
and the hold-out method is repeated k times. Each time,
one of the k subsets is used as the test set and the other
k-1 subsets are put together to form a training set. Then,
the average error across all k trials is computed. Thus, in
cross-validation, all samples serve once and only once for
testing, and so the estimation of performance has smaller
variance than in the case of the hold-out. This is particularly
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Fig. 1. The MLQoE consists of two modules, namely, the model selection, and the performance estimation. The model selection takes as input
the training set of the performance estimation loop, cross-validates it, and reports the best model. The performance estimation takes as input the
dataset, partitions it into folds, estimates the performance of the best model (that the model selection outputs) in each fold and reports (as output)
the mean error for the dataset. It can be easily extended to include other ML algorithms

important for datasets with a small number of samples.
The final model returned by cross-validation is trained
on all samples (the complete dataset). The cross-validation
provides a conservative estimate of the performance of the
final model [25]. Both the hold-out and the cross-validation
are appropriate when using a single learning algorithm with
a single set of hyper-parameter values. However, for a given
dataset, it is advantageous to employ several algorithms
and tune their hyper-parameters (try different combinations
of values). In this case, due to multiple induction, the
estimated performance of the best-performing classifier is
optimistic (upward biased) [26]. The MLQoE tries numer-
ous ML algorithms and hyper-parameter combinations to
select the best performing one; it uses the nested cross-
validation instead of the simple cross-validation to shield
against optimistic estimations of performance. The nested-
cross validation is explained in Section 3.6.

The analysis of QoE for video has also received a lot
of attention. For example, Krishnan and Sitaraman [27]
used statistical tests (e.g., Pearson, Kendall) to evaluate the
QoE based on user engagement, abandonment rate, and
frequency of visits. Other studies use the PESQ or VQM [28],
ML algorithms with hold-out estimation [29], [30] or with
cross-validation [31]. Simple regression models have been
also used in order to characterize the user satisfaction [32],
[33]. The role of the context on QoE for various streaming
services has been highlighted in several studies (e.g., [3]).
The evaluation of acceptance, satisfaction, entertainment,
and information recognition in different contexts (e.g., train
station, bus, cafe) using ANOVA, Pearson correlation, Spear-
man, and Chi-square was the focus of [34]. The context
and the repeatability of the experiments was analysed in
[35]. In the context of video streaming and telepresence,
Wu et al. [36] characterized the QoS based on interactivity,
vividness and consistency and the QoE using as metrics the
concentration, enjoyment, telepresence, perceived usefull-
ness, and perceived easiness of use. It then mapped QoS
to QoE by applying Pearson’s correlation. All the afore-
mentioned models estimate the QoE for an average user,
in contrast to our user-centric approach that aims to capture

the individual user preferences.
In general, the ground-truth for the QoE has been formed

based on either the explicit opinion scores reported by users
(e.g., in the context of listening tests/controlled studies or at
the end of their service via a GUI, as in the case of skype)
or based on measurements collected using physiological
metrics [37], [38].

3 MLQOE ALGORITHM

The proposed QoE prediction algorithm, MLQoE, uses su-
pervised regression, in which the predictors are network
metrics, based on latency, jitter, and packet loss, and the
predicted outcome is the QoE score. The performance metric
is the absolute difference of the predicted QoE score compared
to the actual score provided by the user. Fig. 1 presents a
general overview of the MLQoE. It consists of several steps,
including the normalization, feature selection, training mul-
tiple regressors, the selection of the best ML model and the
estimation of its performance. The MLQoE is modular, since
it includes set of ML algorithms that can be augmented.

The MLQoE aims to find a good prediction model by
training ML algorithms. Each such algorithm typically ac-
cepts a set of parameters (called hyper-parameters) that
affect the complexity of the model. To produce a good
predictive model the type of the learning algorithm and
the values of the hyper-parameters must be chosen appro-
priately; otherwise, the predictive performance is impaired,
a phenomenon that is referred to as underfitting. To avoid
underfitting, the MLQoE tries several algorithms and hyper-
parameter combinations and selects the best one automati-
cally. Specifically, the MLQoE employs the Support Vector
Regression, Artificial Neural Networks, Decision Trees, and
Gaussian Naive Bayes classifiers. Unfortunately, estimating
the performance of multiple models on the same test set
leads to overestimation of the performance of the best-
performing model. To provide a conservative estimation,
while at the same time avoid underfitting, the MLQoE
employs the Nested Cross-Validation (nested CV) protocol
[26]. Notice that, the data normalization and feature selec-
tion is executed inside the nested CV. The MLQoE takes
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as input the calls that a user has made along with their
corresponding QoE scores. The nested CV then reports the
best model for each user (for these calls) along with an
estimated conservative bound on its future performance.
The following paragraphs present the MLQoE in detail.

3.1 Max-Min Parents and Children for Feature Selection

Feature selection aims to find the minimum set of predictor
variables that minimizes the mean absolute error of a model
trained with the reduced set of predictors. Feature selection
reduces the cost of measuring the required predictor vari-
ables. In this work, we employ the Max-Min Parents and
Children (MMPC) [39]. The MMPC is based on Bayesian
Network theory and tries to identify the parents and the
children of the outcome (target) variable T of interest (i.e.,
QoE) in any Bayesian Network that faithfully represents
the joint distribution of the data. A Bayesian network is a
directed acyclic graph, where the variables correspond to
the nodes of the graph. An edge from a variable X to a
variable Y indicates that X is the parent of Y and X pro-
vides unique information for predicting Y . The minimum-
size, best-predicting variable set for T has been proven to be
the set of parents, children, and parents of children of T , also
called the Markov Blanket of T . The MMPC approximates
the Markov Blanket with the parents and children of T (i.e.,
the neighbors of T in the Bayesian Network representing
the joint distribution of the data). The algorithm takes as
input the data containing the QoE (variable of interest) and
network metrics (predictors), and two hyper-parameters:
(a) the maximum size of conditioning set k, and (b) the
statistical level for accepting probabilistic dependence a.
The MMPC determines the best variable set by performing
multiple tests of conditional independence of a variable
X with T given a subset Z of other predictors. The null
hypothesis of the test is that of conditional independence. If
the p-value of the test is less than a then the null is rejected,
and conditional dependence is accepted. The value of k
determines the maximum size of the conditioning sets Z.
Since we model the QoE as a continuous variable, we use the
Fisher z-test [40] assuming that the partial correlation of two
continuous values is zero. The MMPC begins with the set of
the predictor variables as remaining-to-examine variables
and a set containing the currently selected variables that is
initially empty. Then, until the set of remaining variables
becomes empty, the MMPC removes from this set any
variable that is independent from the variable of interest,
conditioned on any subset of the selected variables. In
each iteration, the algorithm heuristically selects a predictor
variable and moves it to the currently selected ones.

3.2 Support Vector Regression

The Support Vector Machines (SVMs) [41] is a supervised
learning method for classification and regression analysis.
The relative insensitivity to the curse of dimensionality is
one of the advantages of the method. The MLQoE uses
SVM algorithms for regression analysis (SVR) machines or
ǫ-SVR. The SVR algorithm accepts as hyper-parameters a
kernel function K(x, z), where x and z are two vectors of
predictors, an epsilon parameter, and a cost parameter C.
Typical kernel functions including the linear, polynomial of

degree d, or Gaussian with variance parameter γ [41]. The
SVR solves the optimization problem

minimize
1

2
‖w‖2 + C

l
∑

i=1

(ξi + ξ∗i )

subject to







yi − 〈w,Φ(x)〉 − b ≤ ǫ+ ξi
〈w,Φ(x)〉 + b− yi ≤ ǫ+ ξ∗i
ξi, ξ

∗

i ≥ 0

(5)

where yi are the output values (QoE) of the training instance
i and l is the number of the training instances. Function
Φ maps the input training vectors to a constructed feature
space; Φ is determined by the choice of the kernel K . The
optimization problem is actually converted to its dual before
finding a solution, expressed by the following equation:

maximize















− 1

2

l
∑

i,j=1

(αi − α∗

i )(αj − α∗

j )K(xi, xj)

−ǫ
l
∑

i=1

(αi + α∗

i ) +
l
∑

i=1

yi(αi − α∗

i )

subject to

l
∑

i=1

(αi − α∗

i ) = 0 and αi, α
∗

i ∈ [0, C]

(6)
The final predictive model is

f(x) =

l
∑

i=1

(αi − α∗

i )K(xi, x) + b (7)

The intuition in SVR is to first map (implicitly through
the use of the kernel function and duality theory) the data
into the constructed feature space Φ where the problem
may be easier. Then, to find a linear regression function (in
feature space) w ·Φ(x)+b that has at most epsilon deviation
from all target values yi for all training data, while being as
flat as possible (in feature space). Training points outside the
epsilon insensitive region are penalized proportionally to C
and their distance from the region. See Fig. 2 (a).

3.3 Artificial Neural Networks

Inspired by the structure of biological neural networks, an
Artificial Neural Network (ANN) [42] consists of an inter-
connected group of artificial neurons that model complex
relationships between inputs and outputs. The ANNs of
this work are feed-forward neural networks with signals
propagated only forward through the layers of units. A
typical ANN has three types of layers, namely, the input
layer that is fed with the predictor variables (i.e., network
metrics), the hidden layers, and the output layer with the
unit that emits the outcome (the QoE), respectively. All
the layers are interconnected by synapses, associated with
weights. Each neuron computes the inner product of the
input with the weights on the (simulated) synapses and
transfers it to its output after passing through a transfer
function, in this work the sigmoid function (except for the
output node which uses a linear transfer function). The
weights are adjusted (learned) during the training phase
by the backpropagation learning algorithm. This algorithm
propagates the error between the estimated QoE and the
true QoE backward (from the output layer to the input)
and employs gradient descent optimization to minimize the
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(a) (b) (c)

Fig. 2. An illustration of (a) a SVR with one network metric, (b) an ANN with one hidden layer and weights (w and w’), and (c) a Decision Tree based
on packet loss and delay.

error. This is repeated until the vector of weights best fits
the training data. New samples are fed to the input layer,
propagated through the network, and the network outputs
the estimated QoE (Fig. 2 (b)). The number of hidden
layers and number of units in each hidden layer are hyper-
parameters to be tuned. ANNs can deal with continuous
and discrete domains and solve almost all the regression
problems by appropriate tuning of parameters.

3.4 Decision Trees

Decision Trees are prediction models in the form of tree
graphs [42]. Each vector x to predict goes through the nodes
of the tree. In each node, a value of a variable in x is
tested whether it is smaller or higher than a threshold (for
continuous variables) (Fig. 2 (c)). Depending on the outcome
the process continues recursively in the left of right sub-tree,
until a leaf is encounter. Each leaf contains a prediction that
is returned.

Decision Trees are learnt from the training data typically
using a recursive greedy search algorithm. For the root of
the tree, a variable X and a threshold t are selected using a
heuristic. The process continues recursively until a stopping
criterion determines that a leaf should be constructed. This
work uses regression Decision Trees, which take as input
continuous values and estimate a continuous outcome. For
each leaf of a Decision Tree the outcome is the average value
of the set of the examples Y which belongs in this leaf node.
The criterion which is used to grow the DT is the mean
squared error (MSE). The MSE of a node is

MSE =
1

c

c
∑

i=1

(Yi − Y )2 (8)

where c is the number of examples Y in this node and Y
is the outcome of this node. During the training phase the
model starts with one node containing all the dataset and
calculates its MSE. The model will consider all the possible
node splits from the data and the MSE for each one will be
calculated. The predictor variable which gives the minimum
MSE will be selected for the split. This is repeated until the
stopping criterion for a node N is satisfied:

MSE(N) < qetoler ∗ qed (9)

where qetoler defines the tolerance on quadratic error per
node and qed is the quadratic error for the entire data.

To avoid overfitting, which occurs when the tree is deep
enough to perfectly classify the training samples, the tree is
pruned. Specifically, after the Decision Tree is built, we use
the alpha parameter, a numeric scalar from 0 (no pruning) to
1 (prune to one node). Each node is characterized by a risk
value ,based on the MSE and weighted by the probability
of this node (the number of examples in this node divided to
the number of examples in the dataset). For each branch of
the tree, the value of the risk is calculated and the branches
with small risk are pruned. For a given value of alpha
parameter, all the branches with risk less than alpha are
removed.

3.5 Gaussian Naive Bayes

The Naive Bayes (NB) classifier [43] is a simple, efficient,
and widely-used probabilistic algorithm based on the Bayes
theorem. For tractability of training, it assumes indepen-
dence between the variables conditioned on the class. In the
case of continuous input, the model typically assumes that
the data follow the Gaussian distribution. The conditional
probabilities now become Gaussian conditional densities.
In the training phase, the NB takes as input the set of
samples which consists of the predictors variables X1...Xn

(i.e., network metrics) and the outcome of each sample Y, in
order to estimate the parameters of the conditional densities.
In the testing phase, when a new sample Ynew is introduced,
the classification rule can be rewritten as follows:

Ynew = argmaxYk
P (Y = yk)

n
∏

i=1

p(Xi|Y = yk) (10)

The GNB returns the QoE with the maximum aposteriori
probability, while the rest of the algorithms are regression
ones. Therefore, we used the expected value of the GNB
estimates to make our results comparable.

3.6 Nested Cross-Validation

The nested Cross-Validation (nested CV) algorithm is an
analysis protocol that selects the best training algorithm and
hyper-parameter values and estimates the performance of
the final, returned model [26], [44], [45], [46]. To explain
nested CV let us first consider a simplified scenario. Let us
assume we train multiple algorithms and combinations of
their hyper-parameters on a train set. We then apply the
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learnt models on a separate test set and estimate their per-
formances. We select the best-performing algorithm (with
performance P ∗ on the test set) and corresponding hyper-
parameters and train on all data, i.e. the train and the
test data, to learn a final model. What is the estimated
performance of the final model? If we use P ∗ as our es-
timate, it is overoptimistic (upward biased), since it is the
maximum of performances computed on the same test set.
For a conservative estimation, we need a second test set that
we use only once to estimate the performance of the final
model only. Let us rename the first test set used for selecting
the best algorithm as validation set, and the second test set
used for estimating performance as test set. Overall, the data
have been partitioned to training, validation, and test sets.

The nested CV protocol is a CV extension of the above
procedure. It partitions the data to different folds Fi forming
the set of folds F . Each fold Fi serves once as a test set
(outer loop), and for each Fi, each other fold Fj serves as a
validation set (inner loop). For the performance estimation,
the models are trained on F \{Fi}. For determining the best-
performing algorithm, the models are trained on F \ {Fi} \
{Fj} folds. The performances are averaged over all folds to
produce more accurate estimates.

3.7 Computational Complexity

The runtime phase of the MLQoE (and all the ML algo-
rithms) is of negligible computational complexity in prac-
tice, specifically SVR O(m), GNB O(1), DT O(log(e)), ANN
O(m), E-Model O(1), Normalization O(m) (m is the num-
ber of the network metrics and e the number of examples
in training phase). In contrast, their training phase is of
relatively high computational complexity (especially, in the
case of SVR, and ANN) though is performed off-line. The
complexity of the E-model is low, while PESQ has a high
computational complexity [10].

4 NETWORK CONDITIONS AND MEASUREMENTS

We consider a number of different scenarios, such as a
handover scenario (with light background traffic) as well
as various cases of heavy background traffic conditions
at a wireless AP (as presented in Fig. 3). These scenarios
manifest different types of delays and packet losses during
the VoIP call. During these scenarios, VoIP calls take place.
As shown in Fig. 3, user A initiates a VoIP call with user B. In
the context of this call, we measured the end-to-end delay and
packet loss of the VoIP flows at the application layer under
the different network conditions.

Network scenarios We setup two control testbeds,
namely the handover testbed (in which a user, during a VoIP
call, roams in the premises of FORTH) and the background
traffic testbed (in which heavy TCP and heavy UDP back-
ground traffic is generated). A recording of a female voice
around 1:30 minutes long (source file) was played under
the aforementioned network conditions. In each testbed, we
emulated the corresponding conditions (background traffic
and user mobility) of each scenario, replayed the source file
and collected the traces at the wireless VoIP client. These
traces were then employed for the listening tests and anal-
ysis. Note that these VoIP calls are essentially unidirectional
(streaming-like and non-interactive).

The handover testbed includes one VoIP client con-
nected via FastEthernet and one VoIP client connected
via IEEE802.11 to the ICS-FORTH infrastructure network.
A user holding a wireless laptop (user A) roams in the
premises of ICS-FORTH. While moving, the wireless client
slowly walks out of range of the AP and a handover is
performed. Handoffs between APs in wireless LANs can last
from one to multiple seconds, as associations and bindings
at various layers need to be re-established. Such delays
include the acquisition of a new IP address, duplicate ad-
dress detection, the re-establishment of secure association,
discovery of available APs. The overhead of scanning for
nearby APs can be of 250 ms (e.g., [47], [48]), far longer
than what can be tolerated by VoIP applications. The active
scanning in the handoff process of the IEEE802.11 is the
primary contributor to the overall handoff latency and can
affect the quality of service for many applications.

The testbed that emulates the heavy TCP and heavy UDP
scenarios includes a VoIP client connected via IEEE802.11,
a VoIP client connected via FastEthernet, four wireless
nodes connected via IEEE802.11 and one node connected
via FastEthernet. The four wireless nodes produce the back-
ground traffic according to the predefined scenarios. All
wireless nodes are connected to a single AP. The heavy UDP
traffic scenario focuses on the quality of VoIP under con-
gestion caused by a large amount of traffic load generated
by a small number of flows, overloading the AP. Each of
the four wireless nodes sends packets of 1500 bytes of UDP
traffic to a wired node at a 2 Mb/s data rate (a total of
8 Mb/s). The AP operates in IEEE802.11b and the aggregate
traffic exceeds the theoretical maximum throughput of an
IEEE802.11 network (approximately 6 Mb/s [49]). The two
VoIP clients initiate a call under these conditions. These
scenarios exhibit phenomena of congestion of the wireless
channel and continuous contention of the wireless nodes.
In the heavy TCP traffic scenario, the background traffic
is generated by one wireless node running a BitTorrent
client, downloading three highly seeded files (while the
VoIP call takes place). As in the previous scenarios, the
AP operates in IEEE802.11b mode. The BitTorrent protocol
introduces a high number of small TCP flows in both uplink
and downlink directions, contending for the medium. This
behavior puts stress on the queue, CPU and memory of APs.

To obtain a larger set of measurements, that could also
correspond to a wider range of values (with respect to the
network metrics), we simulated an extensive set of similar
heavy UDP and heavy TCP scenarios using the OMNET++
network simulator and the VoIPtool [50]. The TCP scenario
includes one wired VoIP client (i.e., calling party) that sends
VoIP traffic to one wireless VoIP client (i.e., called party).
Simultaneously, a number of wireless clients, which varies
from 0 up to 33, saturate the network with TCP traffic to
another server in the same LAN, resulting to 34 different
network conditions. Each of these clients sends a 5 GB file.
The UDP scenario also includes one wired VoIP client that
sends VoIP traffic to one wireless VoIP client. This time,
a different number of wireless clients (0-20) saturate the
network with UDP traffic to another server in the same
LAN, resulting to 21 different network conditions. Each
client sends UDP datagrams with 2 Mbit/sec rate. In both
scenarios, the ITU-T G.711 narrowband codec was used
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(a) (b) (c)

Fig. 3. (a) Handover scenario: user A moves to the coverage area of a different AP while (s)he participates in a VoIP call with user B, (b) Heavy
UDP traffic scenario: each of the nodes D and E transmit 2Mb/s UDP traffic towards node C, and (c) Heavy TCP traffic scenario: node C exchanges
BitTorrent traffic with Internet peers (both uplink and downlink traffic).

for the VoIP calls. Furthermore, the datasets correspond to
different types of network impairments. These scenarios are
presented in Table 1.

The QoE of the VoIP calls was assessed with objective
and subjective tests. The objective tests employed the E-model
and PESQ and reported a Mean Opinion Score (MOS) value.
In both studies, the same VoIP calls were used. The original
file that was transmitted corresponds to a recording of a
female voice of around 1:30 mimutes long (source file).
For the auditory tests, the recordings, that correspond to
the files collected at the receiver under the aforementioned
network conditions, were ”replayed”. As mentioned earlier,
the E-model takes into account both the delay and packet
losses, while the PESQ focuses on packet loss effects, which
were more significant than delays. The PESQ take as inputs
two signals, the reference and the degraded one. The PESQ
gives the estimated perceptual difference between two au-
dio signals, under the condition that the samples must be
temporarily synchronized and of 6 s to 20 s duration [10]. The
former requirement proved to be difficult when comparing
recordings, so we opted to employ only the effects of packet
loss and disregard any delay. Specifically, we simulated the
same packet loss information from the different scenarios
in a 15-second-long segment with Matlab. Then, the PESQ
estimated the MOS by comparing the simulated and the
original (packet loss free) audio signal.

Auditory tests Each received file (recorded at the wire-
less VoIP receiver of the testbed) corresponds to a network
condition and was used in the subjective auditory test study.
In general, subjects cannot remember such long recordings
and confidently assess their quality at every given time or
in summary. Typically, subjects tend to remember the last
15 seconds of the audio sample, forgetting the rest of the
recording and its characteristics. Consequently, their score
reflects mainly the last part of the entire recording, creating
possible bias in the evaluation process. Therefore, the direct
use of the entire-length recordings in subjective MOS tests is
considered unsuitable [51]. Instead, selecting a representative
15-second-long sample from the entire recording avoids this
bias. However, it is important to find a segment featuring
the same characteristics. To achieve this, we divide, in a
sliding window manner, the entire call in 15-second seg-
ments and select the most representative one, based on a
given set of metrics (e.g., the average delay, packet loss,
and burstiness of packet loss). Specifically, we define a
characteristic vector for every segment and their Euclidean
distance of the characteristic vector from the entire call is

computed. We chose the segment with the smaller Euclidean
distance to the entire call. The subjects listened to these
segments and reported their opinion scores, which were
then analysed. The listening tests were performed according
to the procedures that ITU recommends for auditory tests
[52]. Following the instructions, we added a two-second
silence in the beginning of every segment to ensure that
the subjects wait for at least two seconds to listen to the next
segment. This short period is crucial, as the subjects have the
opportunity to relax and grade the next one more reliably.

The auditory test was performed in a small meeting
room at the ICS-FORTH. Each subject was left alone in the
room, sat, and used the headphones which were set at a
specific volume level. Ideally, the auditory test should have
been conducted in an isolated free of echo, reverberations,
and noise room. Since this was not possible, the room
and headphones setup were selected to minimize the en-
vironmental noise and ensure clear sound reproduction. To
enable the subjects to grade more consistently, each session
consists of two phases, namely, the training phase and the
grading one. In the training phase, the subjects have to listen
to the reference file and five training samples in order to
familiarize themselves with the volume level and degrada-
tion in the quality of segments. In the grading phase, the
subjects have to listen the samples, at least twice each, and
grade them using the MOS scale. After grading a sample, the
subjects cannot listen it again or change the grade. The 20%
of the samples are repeated segments for consistency check.
We use the terms subjects, participants, or volunteers, to
refer to these subjects interchangeably throughout the text.

At the first study, there were 25 volunteers that per-
formed and evaluated these auditory tests using a laptop
(dataset 1). 18 VoIP calls were selected and included in
the listening test, where 25 participants graded them using
the MOS scale. The auditory study was repeated months
later using the same methodology [53] with volunteers using
Androids, producing the second dataset. At the auditory
test of the simulated dataset (dataset 3), 51 participants
assessed the quality of the VoIP calls. The ITU guidelines
suggest that an auditory session test should not exceed a 20-
minute duration [51]. Due to the large number of samples
(in our study), the listening test became too long. For this
reason, we split it in two sessions. The auditory test was
conducted using an Android application that we imple-
mented. In this application, the subject first had to answer
a short questionnaire. In the first part of the questionnaire,
the subject provided some demographic information (e.g.,



8

TABLE 1
Description of datasets. In the heavy UDP scenario, we indicate the total background traffic generated by a number of clients, while in the heavy

TCP scenario, the size of the files downloaded by a number of clients. The device in the auditory tests in dataset 1 and 2 was a laptop, and in
dataset 3 was an Android smartphone.

Dataset Users (subjects) Calls User device Auditory device Handover Heavy UDP Heavy TCP

1 25 18 Laptop Laptop 4 clients, 8 Mb/s 1 client, 15 GB

2 25 18 Android Laptop 4 clients, 8 Mb/s 1 client, 15 GB

3 51 48 Simulated Android N/A 0-20 clients, 0-40 Mb/s 0-33 clients, 0-165 GB

TABLE 2
Features of the Unidirectional VoIP Field Studies

Network Metrics Dataset 1 Dataset 2 Dataset 3

Average Delay (ms) 3.76 - 377.23 1.42 - 130.97 27.14- 2488.3

Packet Loss (%) 0.27 - 28.93 0 - 43.07 0-71.6

Average Jitter (ms) 0.59 - 11.68 0.57 - 12.97 0-1939

Burst Ratio 0.96 - 9.35 0 - 6 0-23.55

Average Burst Interarrival (packets) 3.62 - 748 2.33- 750 1-750

Average Burst Size 1.09 - 10.33 0-6 0-25

Variance of Burst Size 0 - 94.33 0-7.90 0-99.23

Variance of Delay 0.54 - 12038 1.47- 12690 0-7005757

Variance of Jitter 0.69 - 3184 1.89-290.19 0-10840597

Variance of Burst Interarrival 0 - 56578 0-217800 0-213204

TABLE 3
P-values of the statistical test between the ML algorithms and E-model

Field study MLQoE SVR ANN DT GNB

Dataset 1 0.00 0.00 0.00 0.00 0.00

Dataset 2 0.02 0.19 0.49 0.00 0.06

Dataset 3 0.00 0.00 0.00 0.00 0.00

TABLE 4
P-values of the statistical test between the ML algorithms and PESQ

Field study MLQoE SVR ANN DT GNB

Dataset 1 0.18 0.00 0.27 0.09 0.01

Dataset 2 0.64 0.96 0.99 0.15 0.79

Dataset 3 0.00 0.00 0.00 0.00 0.00

age, sex, familiarity with smart-phones, mobile applications,
and auditory tests). Then, she/he had to continued with the
sessions one and two. The subject had to read and follow
the instructions appearing in the screen, before listen to
the training samples in order to become familiar with the
various audio quality degradation types. Then, the subject
had to grade all the samples and submit the results via the
Android application.

The main difference of these datasets (and their corre-
sponding field studies) is that in the first dataset the subjects
use a laptop, while in the second one they use an Android
smartphone. In both these studies, the subjects listened the
recordings using a laptop. The files at the third study were
collected via simulations, while the subjects listened the
tests using an Android. Table 1 summarizes these datasets.

5 COMPARATIVE PERFORMANCE ANALYSIS

Empirical measurements/datasets To evaluate the predic-
tion accuracy of MLQoE in the context of the VoIP service,
we used the datasets (Table 1) collected in the field studies

described in Section 4 (Figs. 3). In these studies, each call
was assessed by the participating subjects (as described in
the previous Section).

In the dataset 1 and 2, each call is characterized by the
10 features shown in Table 2. We applied the MLQoE on
these datasets. Due to the small number of the samples for
each user, we used the leave-one-out nested CV (LOOCV)
with random partitioning to folds. Thus, the nested CV uses
18-fold cross-validation for the performance estimation and
17-fold cross-validation for the model selection.

To strengthen the performance analysis (e.g., validate
some trends, generalize the results), we repeated the analy-
sis using the dataset 3 that contains a larger number of calls
and users, encompassing also a wider range of values (for
the network metrics). Each call is described using the same
10 features (Table 2). The MLQoE using 10-fold nested CV
with random partitioning to folds was applied.

Finally, let us discuss one limitation of the GNB algo-
rithm, namely the assumption of the Gaussian distributed
likelihood [43]. The standard deviation of the network met-
ric, given a QoE score, must be non-zero. On the other hand,
in our datasets, this is not always the case: there are some
perfect-quality calls, with QoE score 5 and zero packet loss.
In other words, the standard deviation of the packet loss for
the QoE 5 is zero. To deal with this problem, noise with zero
mean and 0.001 standard deviation has been added on the
features of the datasets.

5.1 Parameter Tuning

The MLQoE has been implemented in Matlab. Apart from
the original data set, a normalized version is also main-
tained. The normalization is performed to handle the vari-
ability across the metrics. It transforms the values of each
metric to fit a normal distribution of zero mean and unit
variance. Each ML algorithm has a number of tuning pa-
rameters (as described in Section 3). At the model selection
process, all the combinations of the different parameters are
tested. The MMPC algorithm is tested with k = {0, 1, 2, 3}
and a = {0.01, 0.05, 0.1, 1} (a value a = 1 corresponds to se-
lecting all variables without feature selection). Each dataset
is employed to train the ML algorithms. The LIBSVM library
Version 3.14 was used for the implementation of the ǫ-SVR
algorithm; the hyper-parameters were chosen as follows:
for the kernel the Gaussian, linear, and polynomial kernels
were used with the default values, the cost C was selected
among the values {0.01, 0.1, 1, 10, 100}, and the insensitiv-
ity parameter ǫ within values {0.05, 0.1, 0.25, 0.5, 1}. The
ANN was implemented with one hidden layer. The number
of nodes for the hidden layer varied from 2 up to 5 [42].
The CART implementation has been used for the DTs with
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Fig. 4. The absolute error derived from the algorithms for the (a) dataset 1, (b) dataset 2, and (c) dataset 3 (largest dataset Table 1).

an alpha a = {0.1, 0.01, 0.05}. The qetoler was set in the
default value (i.e., 1e-6).

Apart from the packet loss percentage, burstiness of
packet loss and delay (which have been measured), and the
Bpl which is set to 25.1 (as G.113 recommends for G.711), all
the other E-model parameters are set to their default values.
The performance of the WFL and IQX was evaluated using
the LOOCV for the datasets 1 and 2 and a 10-fold CV for the
dataset 3. Given that the network metrics are not stimuli,
in order to be used in WFL, they need to be transformed
with the Characteristic Stimulus Transformation Function
(as part of the CV) [14].

To assess whether the difference in the performance of
two algorithms is significant and not due to sampling error,
we apply the random permutation testing (which does not
rely on the independence assumption) [54]. For each pair
of algorithms A1 and A2, we define the null hypothesis
H0 to be: A1 has the same absolute error as A2, i.e., the
difference is zero. We obtain the permutation distribution
∆, the estimator of the true unknown difference of the
mean absolute errors between the algorithms, by repeatedly
rearranging the absolute errors of A1 and A2 at random
[45]. Finally, we compute the cumulative probability (p-
value) of ∆ over 10,000 permutations, being less than the

observed difference of the mean absolute errors ∆̂. If the p-
value is smaller than 0.05, we reject H0 and conclude that
the data support that the A1 is significant better than A2 and
this difference is not due to sampling error.

5.2 Evaluation

The performance of MLQoE vs. E-model and PESQ The
first objective is the analysis of the impact of the network
conditions on the perceived quality of experience. Then, we
evaluated the performance of the MLQoE. The MLQoE can
predict the user opinion score with a fairly accurate manner
(e.g., mean absolute error of less than 0.5 and median
absolute error less than 0.3 in the MOS scale). Moreover,
the MLQoE outperforms the E-model and PESQ, in all
three datasets and their difference is statistically significant
in most cases. We also examined the performance of each
ML regression algorithm separately with the Nested CV
experimental design. In the dataset 3, the MLQoE and all
the ML regression algorithms outperform the E-model and
the PESQ. The MLQoE has mean absolute error of 0.47 and

median of 0.30 (Fig. 4 (c)). The GNB is the best performing
algorithm in terms of mean and median absolute error (0.43
and 0.24, respectively) followed by the SVR, DT, and ANN
(Fig. 8 (a)). Note that, comparing against the best performing
algorithm (GNB) is conservative: the maximum over a set
of random variables is an optimistic (upwardly biased)
estimation of the performance of the best method. All the
algorithms have median absolute error less than 0.5 and
the MLQoE, GNB, SVR, and DT have also mean absolute
error less than 0.5. All the algorithms have significantly better
mean absolute error than the E-model (as shown in Table 3)
as well as than the PESQ with p-values of 0.00 (Table 4).
In the dataset 1, all the ML algorithms outperform the E-
model. The SVR is the best performing algorithm, followed
by the GNB, MLQoE, DT, and ANN (Fig. 4 (a)). All the
ML algorithms have a significantly better mean absolute
error than the E-model (Table 3). All the algorithms also
outperform the PESQ, but only the SVR and GNB have a
significantly better absolute error (Table 4). In the dataset
2, the DT outperforms the other algorithms, followed by
the GNB, MLQoE, and SVR (Fig. 4 (b)). Despite that, the
E-model has a smaller standard deviation of the absolute
error than the ML algorithms. Moreover, the statistical test
indicates that the MLQoE and DT have a significantly better
mean absolute error than the E-model (Table 3). The DT also
outperforms the PESQ (without though a significantly better
absolute error).

In Fig. 4 (b), there is a region in the 92–97% of the CDF,
where all ML algorithms report relatively large prediction
errors. This is caused by one specific call which exhibits
packet loss of 17.5%. When the LOOCV algorithm selects it
as a test-call, the trained ML algorithms have no knowledge
about this range of packet loss values, resulting in large
prediction error.

The fact that the performance of the ML algorithms
varies across datasets highlights the need of a modular
system that can incorporate and train different algorithms.
It is easier for a user to distinguish an excellent or a poor
quality call than a moderate quality one (Fig. 8 (b)). The E-
model and PESQ cannot capture well the user perspective,
resulting in higher errors/poor performance. This motivates
even further the use of a user-centric approach. The MLQoE
can better “capture” the individual user preferences than the
E-model (Fig. 6).



10

0

5

10

15

20

25

U
se

rs

A
vg

 D
el

ay
  

P
ac

ke
t L

os
s 

 

A
vg

 J
itt

er
  

B
ur

st
R

  

A
vg

 B
ur

st
 ia

  

A
vg

 B
ur

st
 S

iz
e 

 

V
ar

 B
ur

st
 S

iz
e 

 

V
ar

 D
el

ay
  

V
ar

 J
itt

er
  

V
ar

 B
us

rt
 ia

  0

5

10

15

20

25

U
se

rs

A
vg

 D
el

ay
  

P
ac

ke
t L

os
s 

 

A
vg

 J
itt

er
  

B
ur

st
R

  

A
vg

 B
ur

st
 ia

  

A
vg

 B
ur

st
 S

iz
e 

 

V
ar

 B
ur

st
 S

iz
e 

 

V
ar

 D
el

ay
  

V
ar

 J
itt

er
  

V
ar

 B
us

rt
 ia

  0

10

20

30

40

50

U
se

rs

A
vg

 D
el

ay
  

P
ac

ke
t L

os
s 

 

A
vg

 J
itt

er
  

B
ur

st
R

  

A
vg

 B
ur

st
 ia

  

A
vg

 B
ur

st
 S

iz
e 

 

V
ar

 B
ur

st
 S

iz
e 

 

V
ar

 D
el

ay
  

V
ar

 J
itt

er
  

V
ar

 B
us

rt
 ia

  

(a) (b) (c)

Fig. 5. The network metrics derived from the MMPC in the final prediction models for the (a) dataset 1, (b) dataset 2, and (c) dataset 3.

Impact of the user-centric approach To highlight further
the impact of the user-centric approach, we applied the
MLQoE in an aggregate manner (considering all calls for all
users in training and selecting the best ML algorithm). In-
deed, the aggregate approach reports a significantly higher
mean error of 0.54 (p-value 0.00), compared with the user-
centric MLQoE one (i.e., 0.47) in the dataset 3. The aggregate
approach also reports significantly higher mean error of 0.82
(p-value 0.02) and 0.70 (p-value 0.00) in the datasets 1 and
2, respectively. As each user has evaluated the same calls
(in each dataset), we have to avoid the bias introduced
if the same call belongs to more than one fold. For that,
the MLQoE was applied using 10-fold nested CV with the
aforementioned constraint and the same hyper-parameters
for the ML algorithms, as presented in the Section 5.1.

Impact of the network conditions The feature selection
algorithm indicates that the packet loss and the average
burst interarrival are the dominant parameters of the QoE in
the dataset 3 (Fig. 5 (c)). The datasets 1 and 2 report only the
packet loss as the dominant parameter (Fig. 5). This is due
to a pathology of some calls in these datasets. Specifically,
there are calls, during which the network exhibits low
degradation, while their corresponding segments used in
the auditory tests had some noise in the sound. We speculate
that the high variance in the subjective QoE scores is due to
this noise. Thus the feature selection algorithm was unable
to find a dependence between average burst interarrival and
QoE.

MLQoE vs. WFL and IQX The MLQoE also outperforms
the WFL and IQX. The WFL and IQX have been employed
with (a single) input parameter either the packet loss or
the average burst interarrival for the dataset 3. All the ML
algorithms outperform them (Fig. 9), with a significantly
better mean absolute error as the statistical test indicates.
Their relatively lower performance is due to the fact that
they do not capture the interaction of the dominant factors.
We analyzed the performance of the WFL and IQX with the
packet loss as the input parameter in the datasets 1 and 2.
In the dataset 1, the MLQoE has similar mean absolute error
to WFL and IQX, while the SVR (due to overestimation) has
better mean absolute error, but without significant statistical
difference. The DT also outperforms the WFL and IQX in the
dataset 2, without significantly better mean absolute error
(as the statistical test indicates). The MLQoE has also similar
mean absolute error to WFL and IQX. Although the WFL
and IQX are functions of only one parameter/metric, the

0 10 20 30 40 50
0

0.5

1

1.5

Users

M
ea

n 
A

bs
ol

ut
e 

E
rr

or

0 10 20 30 40 50
0

0.5

1

1.5

Users

M
ea

n 
A

bs
ol

ut
e 

E
rr

or

MLQoE

E-model

Fig. 6. Mean performance for each user with MLQoE and E-model.

0 5 10 15 20 25 30 35 40 45 50
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

User Id

S
ub

je
ct

iv
e 

Q
oE

 

 

Fig. 7. Mean subjective opinions scores of each user for moderate
degradation.

fact that the packet loss is the most dominant factor explains
their relatively good performance.

Presence of strict or lenient users To investigate whether
the subjects assessed the tests in a strict or lenient manner
consistently, we performed the following analysis in the
dataset 3: we first cluster the calls according to the dominant
factors, namely the packet loss and average burst interar-
rival by applying the k-means [55] for different number of
clusters. To find the appropriate number of clusters, we var-
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the dataset 3.

ied the number of clusters from two up to ten and used the
mean and median silhouette value [56]. The best clustering
was obtained with 4 clusters for both mean and median
silhouette value. The name of each cluster indicates the level
of the degradation. The calls that suffered from small packet
loss and large average burst interarrival belong to the low
degradation cluster, while the calls that have small average
burst interarrival (e.g., random loss) belong to the high
degradation. The moderate degradation cluster includes
the calls with larger average burst interarrival than those
on high degradation, while tolerable degradation contains
those that have smaller average burst interarrival than the
one of low degradation. There are users that are consistently
strict or lenient on their evaluations. For example, Fig. 7
shows the presence of 8 strict users and 9 lenient users in
the case of moderate degradation. The same trend follows
for the other three types of degradation.

As expected, the larger the size of the training set, the
more accurate the algorithms are (Fig. 8 (c)). The size of
the test set does not seem to affect the performance of the
algorithms.

6 MLQOE ON VIDEO AND BIDIRECTIONAL VOIP

In order to assess the generality of the MLQoE, we also
performed a preliminary analysis of the MLQoE using other

types of datasets. Specifically, we first employed a bidirec-
tional mode dataset which includes measurements from both
packet stream directions, and quality assessment by both
call parties. This dataset was collected in the context of
u-map [57], a user-centric crowdsourcing recommendation
system. The u-map follows the client-server architecture.
The u-map client application runs on Android smartphones
and is used as a recommendation tool for selecting the best
provider for making a VoIP call (based on the evaluations
of users). It detects the start and termination of VoIP calls,
performs cross-layer network measurements (during the
VoIP call), and requests QoE feedback at the end of each
VoIP call (as in the case of skype). These data are regularly
uploaded to the u-map server.

A 2-week period field study was performed, which
included 21 users [58]. Users performed various calls and
assessed (a subset of) them. This study had several ob-
jectives, among others the evaluation of the impact of u-
map on improving the QoE of VoIP calls. The collected
dataset included calls that were characterized by 17 features,
namely, the number of sent and lost packets, packet loss
percentage, burst ratio, conditional loss probability, min,
max, median and average values of the burst size, burst
interarrival, and RSSI. The analysis aimed to predict the
QoE score that the users provided at the end of a call. The
number of calls that a user evaluated varies from 5 to 59. We
performed the same procedure for each user using LOOCV,
inevitably, with a different number of folds for each user.

The GNB outperforms all other ML regression algo-
rithms in terms of mean and median absolute error with
values 0.80, and 0.67, respectively (Fig. 10 (a)). The MLQoE
follows with a more conservative mean absolute error. In
that study, the delay was not measured, and thus, the E-
model had a poor performance. The MMPC reports the
number of lost packets and packet loss percentage as the
only network metrics required for QoE prediction, for each
user and algorithm. In the conversational dataset, these two
network metrics provide more information, because of the
different duration of each call. Note that the unidirectional
datasets 1, 2, and 3 included calls of the same duration.

We also performed a preliminary study of the MLQoE
for video services, using the LIVE Mobile VQA database
[59], which consists of 10 reference videos. 200 distorted
videos have been created by varying the compression
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Fig. 10. The absolute error derived from the algorithms for the (a) dataset of the conversational field study, (b) dataset of mobile video database,
and (c) dataset of tablet video database. The MLQoE and SVR have the same performance in the mobile and tablet video datasets.

rate, rate-adaptation, number of frame-freeze, and wireless
packet-losses. A subjective field study was performed using
mobile phones (mobile study) and tablets (tablets study)
to gauge human perception of quality on mobile devices.
The mobile study contains 200 distorted videos, rated by
18 subjects (mobile dataset). The tablet study contains 100
videos and ratings from 17 users (tablet dataset). The scores
were averaged to form Differential Mean Opinion Scores
(DMOS). The DMOS scale ranges from 0 (excellent quality)
to 5 (worst quality). Given a distorted video j, in session
k, the subject i assesses its quality and assigns a score sijk
for this session as well as for the reference video associated
with the distorted video j in session k (srefijk ). Let Mj be the
total number of rating received for video j. The DMOS is
computed as shown:

DMOSj =
1

Mj

∑

i

∑

j

dijk , where dijk = sijk − s
ref
ijk

To evaluate the impact of the distortion on DMOS, the
following five distortion types were introduced: the SNR
layer, packet loss, frame freeze, rate adaptation, and tem-
poral dynamics. The videos were compressed in four SNR
layers. The packet loss was induced by simulating a wireless
channel. Two frame-freeze models were used: one for stored
and another one for live video delivery. The duration of
the post-freeze video playback is increased linearly in freeze
time, i.e., the longer the user waits, the longer the post-freeze
playback. The rate adaptation is defined with the following
process: the subject starts viewing the video at a certain rate,
after 5 seconds, the video switches to a higher rate, and 5
seconds later, switches back to the starting rate. Finally, in
order to evaluate the multiple rate-switch condition, they
used 5 temporal dynamics per reference by varying the rate
between the above four SNR layers several times.

These five distortion types were used as predictor vari-
ables. For each distorted video, only one of them has been
applied. As the dataset does not include specific per-user
information about the scores (has only the DMOS) for each
distorted video, we applied the MLQoE in an aggregate
manner. A 10-fold nested CV with random partitioning to
folds was used.

The LIVE Mobile VQA database has been used for the
performance estimation of a number of full-reference Im-

age Quality Assessment (FR IQA) algorithms. The MLQoE
outperforms them all. For the mobile dataset, the MLQoE
outperforms the other algorithms in terms of mean absolute
error (has a mean absolute error of 0.33). The SVR and
MLQoE perform the same, while the ANN, DT and GNB
exhibit a mean absolute error of 0.38, 0.40, and 0.71, respec-
tively (Fig. 10 (b)). The RMSE of the MLQoE is 0.40, while
the best performing FR IQA algorithm (Visual Information
Fidelity) has an RMSE of 0.56 [60]. For the tablet dataset, the
mean absolute error of the MLQoE, ANN, DT, and GNB is
0.28, 0.37, 0.42 and 0.82, respectively (Fig. 10 (c)). The SVR
has also the same performance as the MLQoE. The RMSE
of the MLQoE is 0.36, compared to the best performing FR
IQA algorithm (MOtion-based Video Integrity Evaluation)
that has an RMSE of 0.53 [61].

7 CONCLUSIONS AND FUTURE WORK

To predict the user perceived QoE, we developed the
MLQoE, a modular methodology that applies a number of
state-of-the-art ML regression algorithms, trains the models
based on collected network measurements and user feed-
back, and automatically selects the best one. It operates in a
user-centric manner. We showed that it performs reasonably
well compared to the ML algorithms and demonstrated the
benefits of its user-centric and modular aspects. Specifically,
we evaluated the MLQoE using three VoIP datasets in
unidirectional mode based on empirical measurements. The
performance was compared extensively with state-of-the-
art models, namely, the E-model, PESQ, WFL, and IQX.
The MLQoE consistently outperforms all these models. In
most cases, this performance improvement was found to be
statistically significant. Specifically, compared to aggregate
predictions, the MLQoE captures the individual user prefer-
ences, through its user-centric aspect. Furthermore, the se-
lection of the best performing algorithm allows the MLQoE
to learn the most out of every given dataset. Another advan-
tage of the MLQoE over the WFL and IQX is its robustness
on the number of dominant factors for the prediction of
QoE. The WFL and IQX consider only one factor, while the
MLQoE integrates the set of the dominant network metrics,
reported from the feature selection algorithm (e.g., dataset
3).
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The MLQoE predicts fairly accurately the QoE score.
Specifically, a mean absolute error of less than 0.5 and
median absolute error of less than 0.30 (on the MOS scale)
can be achieved. To obtain this performance, less than 50
calls are required per user for training. Furthermore, there
is no need for reference files (unlike PESQ).

To assess the generality of the proposed methodology,
we performed a preliminary analysis of the MLQoE on
two other types of scenarios, namely directional VoIP calls
and video streaming. The outcome of the evaluation was
promising. We plan to extend this work by integrating the
QoE models with economic parameters (e.g., cost of service)
and contextual ones (e.g., time and location). A long-term
objective is to apply the proposed methodology for assess-
ing the QoE of various services (e.g., web browsing, tele-
conference/telepresence applications, gaming) using non-
intrusive methods and ”indirect” metrics for inferring the
QoE. The present work sets a methodological framework
that dynamically learns the user assessments and efficiently
models the QoE for various multimedia network services.
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