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Abstract
Quality of Experience (QoE) measures the overall quality of a service from users’ point of
view by considering several system, human, and contextual factors. There exist various
objective and subjective methods for QoE prediction. Although the subjective approach is
more expensive and challenging than the objective approach, QoE’s level can be more
accurately determined by a subjective test. This paper investigates various features
affecting QoE by proposing a comprehensive subjective evaluation. First, we show that
many unconsidered factors can significantly affect QoE.We have generated voice samples
featuring different values for novel factors related to the speaker, signal, and network.
Regarding the speaker, we take into account the accent and gender of Persian-speaking
people. We conduct an extensive survey by employing a large number of users. Our
comprehensive analysis reveals that the users’ identity has a significant influence on QoE.
Our experiments show that many previously studied parameters do not affect QoE in the
same way for various users with different genders and accents. Finally, we show that QoE
can be accurately predicted using Artificial Neural Network (ANN) and Support Vector
Regression (SVR) techniques if the new identity features are taken into account.

Keywords Quality of experience (QoE) . Voice over IP (VoIP) . Quality of service (QoS) .
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1 Introduction

The rapid growth of IP-based communication multimedia technology has encouraged more
and more users to use various Voice over IP (VoIP) services. The growing number of VoIP
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users and their diversity have also raised their expectations of the quality of service and
experience they receive. Some researchers claim that network evaluation will change from
“technology-centric” to “user-centric” [15]. Therefore, the concept of Quality of Experience
(QoE), which represents user satisfaction with services, has been introduced to overcome the
limitations of Quality of Service (QoS).

QoS has been considered a mandatory requirement of multimedia communications such as
VoIP. However, it has been noticed that user satisfaction in an IP network communication is not
guaranteed only by the use of high-quality switches or routers. Other factors, such as language,
accent, and noise, may also play a significant role in the quality of (voice) communication.
Hence, QoE has been proposed to consider users’ actual perception and measure their satisfac-
tion independently from network equipment specifications. Nonetheless, QoE determination
has many complexities, as some users’ features are not well-understood. There exist objective
and subjective methods for QoE prediction. Although the subjective approach is more expen-
sive and challenging than the objective approach, QoE’s accurate level can be determined only
by a subjective test.

QoE metrics have not been adequately defined or considered in the literature. The majority
of research studies and practical experiments on QoE typically use QoS metrics, such as
throughput, delay, jitter, and packet loss, to quantify a network service and its performance. In
other words, many studies on QoE are based only on QoS parameters. For example,
Charonyktakis et al. have proposed a maximum tolerable end-to-end network delay of
150 ms for VoIP applications [5]. However, they have not considered that temporal statistical
characteristics such as packet loss and delay can result in a different user experience quality
compared to what their sole threshold predicts.

ITU-T [20] defines QoE as: “The degree of delight or annoyance of the user of an application
or service.” However, the definition does not address the metrics of QoE. Many factors can be
considered in this area, such as the type and characteristics of the application or service, the
subject, the user’s expectations of the application, the user’s cultural background and psycho-
logical profiles, the user’s emotional state, and even socioeconomic issues. Therefore, various
features of users should be considered in the evaluation of QoE. Although QoE evaluation may
be complicated, time-consuming, tedious, and expensive, accurate QoE prediction is still
needed to improve the performance of services.

QoE measurement and prediction are affected by three essential components: speaker,
signal, and network. Considering the effect of all ingredients together on QoE can be a very
complex problem. It may exist hidden mutual dependencies and non-linear relationships
between these components. However, considering various subjective and objective attributes
in different situations is an essential issue in the QoE prediction. These attributes can be related
to the user’s device, application, and network.

In this paper, we investigate various features affecting QoE by proposing a comprehensive
subjective evaluation. We show various unconsidered factors such as accent, gender, and
signal-to-noise ratio (SNR) can significantly affect QoE. Moreover, we show that many
previously studied parameters do not affect QoE in a similar way for multiple users with
different genders and accents. To prove it, we have generated voice samples featuring different
values for some novel factors of the speaker, signal, and network. The voice samples are based
on a well-known dataset of the Persian language. We have conducted an extensive survey by
employing a large number of users. We have also categorized users according to their gender
and accent, and then, we evaluated the impact of various features on QoE for each category of
users and speakers separately. This kind of evaluation has not been addressed in previous
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works. Our analysis reveals that the users’ identity has a significant influence on QoE. Finally,
we show that if we consider the new identity features in the QoE prediction methods that are
based on Artificial Neural Network (ANN) and Support Vector Regression (SVR) techniques,
we can achieve an accurate QoE prediction solution.

This paper is organized as follows: In Section 2, we touch on QoE measurement methods.
Section 3 briefly discusses related works. The proposed approach is described in Section 4.
Section 5 presents the results of our evaluations and discusses them. Finally, we conclude the
paper in Section 6.

2 A review of VOIP users’ quality of experience

Subjective and objective approaches to QoE measurement are briefly introduced in the
following sections.

2.1 Subjective methods

In the subjective approach, evaluations data are directly collected from users’ opinions.
Standardization bodies have presented methodologies and recommendations for conducting
subjective tests. For example, ITU-T P.800 is a well-known standard for VoIP subjective
evaluation [18]. The recommendation defines a method for measuring users’ QoE based on a
value called Mean Opinion Score (MOS). MOS is widely used for subjective voice/video
quality assessment, where human test subjects grade their overall experience on the Absolute
Category Rating Scale (ACR). The scale typically comprises five choices which are: “5″ for
“excellent”, “4″ for “good”, “3″ for “fair”, “2″ for “poor”, and “1″ for “bad”.

In a VoIP subjective test, subjects listen to a recorded voice passed through various network
conditions, and they grade its quality using an opinion scale (between 1 and 5). After collecting
the opinions, MOS, which is the average of all the participants’ scores, is calculated.

2.2 Objective methods

Objective methods are used for QoE evaluation without involving human subjects. Objective
methods are categorized into signal-based and parameter-based techniques.

A signal-based method sends a voice file through a system under test and compares the
output voice with the source file. The Perceptual Evaluation of Speech Quality (PESQ) [21] is
a well-known signal-based tool that has been widely deployed in the industry and academic
research studies [14, 16]. PESQ is the state-of-the-art technique for objective prediction of
perceived quality and claims that it has the highest correlation with subjective measurements
[14]. However, some published case studies and reports reveal that PESQ has significant
disadvantages yet. It is an intrusive method and cannot predict the perceived quality of live
stream data. It also cannot perform a comprehensive evaluation of transmission quality. PESQ
can only measure the effects of one-way speech noise distortions on speech quality.

A parameter-based method predicts QoE by using a mathematical model based on QoS.
ITU-T E-model [19, 39] is one of the best-known parameter-based methods for VoIP. E-model
predicts QoE using metrics such as packet loss, end-to-end delay, voice loudness, background
noise, equipment impairment, and codec robustness. E-model calculates a rate called R-factor
which estimates voice quality. Thus, R-factor is mapped to MOS using a non-linear equation.
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Although E-model can be utilized in network planning, its accuracy and validity are question-
able [38].

The difficulty of developing, modeling, and deploying objective methods is still a chal-
lenging problem due to the large space of parameters. Moreover, any addition or deletion of
parameters imposes the need for new tests to fine-tune the model or derive new statistical
models for QoE prediction [4].

3 Related work

In this section, several related works on QoE - not limited to only VoIP applications - are
studied. Alreshoodi et al. [1] proposed a QoE prediction method for video streams using QoS
parameters. The correlation between QoS parameters and QoE has been determined by
adopting a subjective and an objective approach. The relationship between QoS and QoE
has been mentioned as an important issue in the literature. Fiedler et al. [12] proposed a
mapping function between QoS parameters and QoE which led to an IQX-based relation
between them. In their proposed method, a MOS grade report determines QoE using QoS
parameters such as latency and jitter. The MOS grade has been tuned using an approach like
the PESQ’s determination. A QoE determination model based on only QoS parameters has
also been proposed by Kim et al. [26]. They have shown a significant correlation between QoS
and QoE. In a recent study [17], a QoE prediction method has been proposed based on a
mapping between QoE and QoS parameters and machine learning techniques.

Although QoS parameters have a significant impact on QoE, they are not the only effective
parameters. In addition to network parameters, other parameters can also have a considerable
impact on QoE. For example, SNR can have a more significant effect on QoE in comparison to
QoS parameters such as bit rate [11]. In this paper, parameters such as accent, signal-to-noise
ratio, and voice amplitude are taken into account. QoE is a subjective concept that is strongly
related to users’ perception and experience; hence, a QoE determination method should be
evaluated based on subjective tests instead of objective tests. Many other researchers have not
considered this important issue. For example, in paper [36], the QoE evaluation of BATMAN
routing protocol for VoIP services has been only evaluated by simulation. Nihei et al. [31]
have proposed a QoE measurement index that utilizes latency spikes. Although QoE of VoIP
in mobile networks was maximized by choosing a proper CODEC, the evaluation was based
on E-model, which is an objective approach, and users’ opinions were not considered [31].

QoE concept is based on the user’s opinion and is affected by its characteristics. ITU-T has
recommended that when quality is evaluated, users’ nationality, culture, and language should
be considered into account [22]. Some research studies are concerned with the impact of users’
language and culture on QoE. For instance, E-model has been improved according to Thai
culture by Daengsi et al. [8]. They have claimed that since E-model is developed in the West, it
is not well-tuned for Thai people and the standard packet loss rate and delay value recom-
mended by E-model are not appropriate for them. In another interesting study [40], the
opinions of Thai users on the quality of G.711, G.722, and G.729 were considered by a
subjective test. Despite the broadest bandwidth feature of the G.722 codec, the paper has
shown that there was not any considerable quality difference among the three codecs according
to the opinions of Thai people. Thus, it is possible to choose a lower bandwidth codec for some
languages and decrease resource consumption without any considerable quality degradation.
This result shows, once more, the importance of QoE evaluation for a specific language.
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QoE evaluation based on users’ opinions has been considered in many other studies. Chen
et al. [6] investigated the impact of various bit rates of a specific codec on Skype. They
proposed a method that determines the relationship between QoE and the rate of frequency
change of the bit rate. QoE prediction model has been developed by using a subjective test
involving 127 users. In the paper [6], this model could present a more accurate QoE prediction
closer to the users’ opinion than the PESQ. The Skype developers can deploy the model,
predict QoE, and tune the bit rate based on users’ views, but the paper has not declared the
network parameters and some other QoE affecting factors.

MLQoE is another user-centric VoIP QoE prediction method which is based on machine
learning [5]. The training phase of the technique is done using users’ opinions. Four
well-known machine learning algorithms are used in this method: ANN, Decision Trees
(DTs), SVR, and Gaussian Naive Bayes (GNB). The paper [5] shows that MLQoE achieves
a more accurate QoE prediction compared to PESQ and E-model. The QoE of VoIP calls
using machine learning techniques has also been considered in one other recent research [7].
Although in paper [7] a system-based enhanced E-model QoE objective test is compared with
a subjective test, other parameters such as users’ characteristics and signal properties have not
been taken into account.

CaQoEm [29] is a context-aware QoE modeling and measurement method for mobile
systems. It is based on Bayesian Networks (BN) and the context space model. BN can
effectively determine the relation between context parameters and QoE [29]. In addition to
the typical network properties, various context attributes and users’ characteristics such as their
“mood” and “location” are involved in the context space mode. This model includes context
state and context attributes, such as user satisfaction and technology acceptance, and deter-
mines QoE using all other underlying features. Although the paper has considered various
context properties using BNs to add new parameters, it has not profoundly studied and
analyzed them in its test procedure. As an example, in all of its 29 tests, participants had
almost the same age. Moreover, there is no discussion on properties such as “mood.”

Ochet et al. [32] have proposed a QoE prediction method for real-time multimedia
applications in vehicular networks. Interestingly, in the proposed QoE prediction method,
users’ gender, position (city or highway), and screen resolution have been considered.
However, their method is based on the objective approach and is evaluated using only a
simulation. In a recent work [33], the factors affecting VoIP reliability are examined. The role
of packet loss, delay and jitter on QoS and consequently QoE, is mentioned as the most
influential.

4 Proposed approach

In this paper, a subjective QoE evaluation is proposed by taking users’ opinions and applying
them to the Persian language. Although the subjective test approach to QoE evaluation has
been considered in some articles [7, 29], however, they have not considered all the parameters
affecting QoE. In this paper, the effects of human factors such as accent, gender, and education
within voice samples and subjects, which were not mentioned in previous related works, are
considered for QoE evaluation. In other words, our QoE assessment approach does not rely
only on QoS parameters. A rich test sample set illustrating a combination of network, signal,
and human properties have been generated to consider all essential factors on QoE evaluation
and prediction processes.
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4.1 Framework

A software-based VoIP system has been set up to generate test samples. Network parameters
can be changed to create audio files that comply with different network conditions. To set up
the system, a VoIP Elastix server [9], whose core is based on Asterisk [2], and an open-source
SIP server are used.

Our TestBed network is shown in Fig. 1. The wired network is selected here to eliminate
nondeterministic and non-controllable factors of wireless network fluctuations such as delay
and packet loss in the evaluation process. Thus, the network parameters are thoroughly under
control and are easily adjusted using a network emulator such as NetEm [30]. NetEm inserts
delay and packet loss into voice packets and measures the respective effects.

In our TestBed network setup, there are three PC-based systems: Host1, Host2, and
SIPServer. Host1 initiates a VoIP session to Host2 and sends a voice sample (audio file) via
a SIP connection. Host2 accepts the session, receives and records the audio file. The recorded
audio files represent the voice samples that are affected by various network conditions.

As mentioned before, NetEm is used to set network parameters such as delay, jitter, and
packet loss rate. NetEm software is utilized in the three systems, as shown in Fig. 1. NetEm
can apply network settings for each end system port. It can also adjust the delay of output
packets with an average error rate lower than 1% of the target delay when the emulating delays
are more than 50 ms [25]. A delay lower than 150 ms is an acceptable delay in VoIP
communications, which does not degrade quality [5].

4.2 Making the dataset

First, a set of voice files should be collected to produce VoIP voice samples. Voice samples
have been compiled with different characteristics in terms of properties such as the speaker’s
accent, SNR, and amplitude. Hence, in addition to the underlying network, i.e. features created
by the simulator, the effect of voice signal features on QoE can also be studied.

According to ITU’s recommendation for subjective tests [18], the sentences of a voice
sample must be simple, short, intelligible, and irrelevant so that the listener focuses only on the
quality of the voice. We have used the voice samples of the FarsDat dataset [10], which not
only is a credible dataset for the Persian language but also complies with ITU’s standards [3,
35]. FarsDat has a structure similar to TIMIT, one of the most credible voice datasets of the

Fig. 1 VoIP connection
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English language. TIMIT has been achieved by the joint efforts of research groups from
several institutions such as the Massachusetts Institute of Technology (MIT) and Texas
Instruments (TI) [13]. FarsDat includes acoustically-balanced sentences that have been spoken
by various speakers. The speakers differ in their gender, age, education, and accent.

Based on ITU recommendations, each played voice file should include 2 to 5 sentences on
different subjects, although users usually recall the last 15 s of a voice sample [18]. At first,
each voice file of the FarsDat dataset contains 10 sentences, which lasts 10 to 22 s. However,
after getting a feedback from the participants, we noticed that the voice files’ duration is
relatively too long to make a reliable assessment of voice quality. Participants perceived that a
sentence in a voice file was sometimes distorted and sometimes good. Therefore, the voice
files were shortened so that each of them contained only 2 sentences and lasted 3 to 8 s. Every
participant listens to 50 voice files and declares his/her opinion on their quality. The total test
procedure lasted 15 min at most for each participant, which complies with the recommended
range of ITU. This duration, which is lower than the 20-min voice samples of English or some
international languages, has been chosen for our audience’s convenience because the length of
Persian language sentences is typically shorter than other common languages.

We examine some features of voice signals that have not been sufficiently addressed in
previous works on QoE. For this purpose, the FarsDat data set has been selected to involve
characteristics such as accent, age, gender, education, signal-to-noise ratio, and sound ampli-
tude in each voice file so that QoE can be evaluated with more details.

The selected voice files have such properties: Their signal-to-noise ratio is uniformly
distributed among six different intervals ranging from 20 dB to 40 dB. There is an equal
number of male and female voices. The voice files have various audio amplitudes. The accent
in each voice file is either “Tehrani” or “Azeri,” which are the most prevalent accents among
Persian-speaking people. Iran’s capital city is Tehran, and the accent “Tehrani” refers to people
that speak the Persian language as their mother language and do not speak other languages and
dialects. In some Iran regions (such as Ardabil and Azerbaijan provinces), people speak the
Azerbaijani language. This language is the second popular language in Iran. These people
speak the Persian language with a particular accent called “Azeri.” Hence, the term “Azeri
accent” is used in this paper to differentiate it from the Azerbaijani or Turkish languages talked
in the Republics of Azerbaijan and Turkey, respectively.

The voice file samples should pass through the VoIP network under various signal
conditions. The TestBed network in Fig. 1 is used for this purpose. All hosts in this network
are equipped with the NetEm network emulator. Host1 uses a Softphone and a virtual
microphone to send voice files to Host2. The voice quality is changed based on different
network qualities, which are emulated by NetEm. Finally, Host2 records the received voices
and playbacks for evaluation by the subjective test participants.

To investigate the effects of QoS parameters on QoE, various network conditions are
emulated using combinations of different packet loss rates, packet corruption rates, delays, and
delay variances (jitter). Packet loss and corruption rates vary from 0% to 20% in steps of 5%.
For example, when we set the packet loss rate equal to 10% and transfer a voice from Host1 to
Host2 via the network, 10% of voice packets are deliberately and randomly dropped (by
NetEm), and the received voice file is labeled with the specific feature and stored in Host2.

Although some references consider packet corruption as one of the main causes of packet
loss, it is important to distinguish between it and packet loss for a more accurate analysis. In
this paper, “packet loss” refers to packets that have been lost on their way to the destination
due to link congestion or other disturbances. “Packet corruption” refers to packets that have
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reached the destination imperfectly or incorrectly, for instance, with a CRC error. Regarding
the timing features, we choose various constant delays from 100 ms to 300 ms in steps of
50 ms. To generate samples with jitter, we change the propagation delay with a normal
distribution in our emulation. The standard deviation of the distribution varies from 0 ms to
30 ms in steps of 5 ms. NetEm has also emulated these network conditions.

All the voice files are sent from Host1 and recorded at Host2 after emulating each of the
mentioned conditions. In total, 800 test samples have been generated. Each test sample is in
accordance with a featured vector representing the speaker’s accent and gender, the signal
quality, i.e. SNR and amplitude, and the network parameters, i.e. packet loss rate, packet
corruption rate, delay, and jitter. Finally, the users’ opinions are analyzed using this feature
vector.

4.3 Subjective test environment

The ITU reference [18] has also prescribed the environmental conditions where participants
should listen to the test samples, such as the maximum acceptable noise and the room’s
adequate dimensions. We used a well-equipped particular audio studio in our university, in
accordance with the recommendations.

To prepare participants for the experiment, they have been asked to listen to two samples
before starting the test. One of them was a very high-quality voice sample, and the other one
was a very low-quality sample. Each participant was also asked to enter his/her personal
information, such as gender, age, education, and ethnicity, in a questionnaire form. Hence, the
users could be classified, and QoE could be evaluated according to a particular user. This
approach is a new idea of this study. A total of 257 participants contributed to the evaluation.
Each participant designated his/her opinion regarding 50 different voice files. Therefore,
12,850 results were collected.

5 Evaluation

In this section, first, the impact of the voice sample features is examined. Then, methods for
predicting QoE according to these features are introduced, and their accuracy is evaluated.

5.1 The impact of features

The overall impact of each feature on QoE can be evaluated by calculating MOS. Figure 2
shows the estimated MOS value versus each feature for both our subjective and PESQ
methods. The subjective results are based on the opinions of all the 257 subjects on the 800
test samples. As shown in the figure, when packet loss increases, MOS decreases linearly with
a significant slope. A similar result can be observed regarding the corruption feature. It means
MOS is highly dependent on packet loss and corruption features.

While the delay is expected to impact QoE significantly, it did not affect MOS in our
experiments because a listener cannot make out easily delays in an oral test. While PESQ
results suggest that jitter does not significantly affect MOS, our subjective evaluation shows
that MOS considerably decreases when the jitter increases.

SNR is also supposed to have a significant impact on QoE, but since the SNR of the
samples of FarsDat is higher than 23 dB (the signal is clean), we have not observed its impact
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on MOS. The small fluctuations of the SNR plot are due to the samples’ difference in other
features such as packet loss. We observed a similar behavior regarding the amplitude feature.
Although the speech signal of speakers differs in amplitude, it does not affect subjects’
opinions. The amplitude values are depicted in the plot using a relative unit based on the
sample with the highest amplitude.

While MOS shows each feature’s overall impact on QoE, we conducted a Chi-square test to
investigate the features’ effect more deeply. In this test, the Pearson value (p value) of each
feature is calculated, and the opinions, which are the index of QoE, are evaluated. The p value
of each feature reveals how much QoE is dependent on it.

The procedure is as follows: suppose x is a feature and y is the opinion. Two hypotheses can
be imagined:

H0: x and y are independent
HA: x and y are dependent

To find out which of the hypotheses is true, χ2 is calculated according to the following
relation:

χ2 ¼ ∑
observed−expectedð Þ2

expected
ð1Þ

χ2 is compared with the Chi-square distribution to determine the relationship between these
two variables. The p value is also calculated, which probably indicates that hypothesis H0 is
correct, meaning that the two variables are independent.

If p value <0.01, H0 is strongly rejected, and consequently, x and y are highly dependent. If
0.01 < p value <0.05, x and y are moderately dependent. A p value between 0.05 and 0.1
indicates weak evidence for the dependence between the two variables. And finally, a p value
higher than 0.1 reveals no evidence of dependence between the two variables.

Fig. 2 Estimated MOS value versus each feature
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We used SPSS for calculating the p value of each feature. The results are shown in Table 1.
As shown in Table 1, the p value for the Packet Loss and Corruption features is lower than
0.01, meaning that QoE is strongly dependent on these two features. The p value of the jitter is
between 0.01 and 0.05, indicating a moderate impact on QoE. Since other features have a high
p value, they do not have any considerable effect on QoE. Although SNR is supposed to have
an important impact on QoE, no significant impact by SNR on QoE has been observed in our
experiments since the SNR of the FarsDat samples is higher than 20 dB (which is a proper
SNR).

As mentioned before, one of our aims is to analyze the relation between user features and
QoE. Hence, we categorized the subjects (participants) and speakers according to their gender
and accent to figure out the impact of features on QoE for each category of them. We also
divided the collected opinions into four groups according to the gender of the speaker
(male/female) and the participant (male/female) to determine the impact of gender on QoE.
Moreover, we can figure out the opinion of each gender on the voice of the same or opposite
gender. P-values of each feature are shown in Table 2 as a function of the gender of the
speaker and participant. We notice from Table 2 that packet loss and corruption features have a
high correlation with QoE regardless of gender. However, the p value for the jitter differs
interestingly between male and female participants. The p value for female participants (with
both male and female speakers) is higher than 0.1, which means the women’s opinions (QoE)
is independent of jitter. However, the p value for male participants is between 0.01 and 0.05,
which indicates that QoE for men is moderately dependent on the jitter. Therefore, we can
deduce that women’s opinion is less sensitive to jitter than men’s opinion.

Another interesting result is the impact of SNR on female speakers for the opinion of
female participants. Unlike the three other cases in which QoE is independent of SNR, the p
value of the mentioned case indicates a weak correlation between QoE and SNR when both
speaker and participant are female. The amplitude feature has the same properties.

To investigate the impact of accent on QoE, the participants are divided into three groups
according to their accent: Tehrani, Azeri, and others. It should be noted that the pronunciation
of each voice sample is either Tehrani or Azeri. However, the articulation of a participant can
also be any other accent of Persian-speaking people. The opinions of the three listener groups
are separately analyzed for each of the two speaker voice accents. The p value for the three
participant groups’ opinions on Tehrani and Azeri accents voice features is shown in Tables 3
and 4, respectively. In other words, the tables show the p value of each feature as a function of
the accent of the speaker and the participant.

Interestingly, as shown in Table 3, the dependency of QoE and packet loss differs among
the participant groups. The packet loss feature is highly correlated with QoE for

Table 1 p value of all participants for all samples

Feature Description p value

Accent Accent of Speaker 0.337
Gender Gender of Speaker 0.087
SNR Signal to Noise Ratio 0.661
Amplitude Voice Amplitude 0.699
Packet Loss Network Packet Loss 0.001
Delay Network Delay 0.083
Jitter Network Jitter 0.020
Corruption Packet Corruption 0.001
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Tehrani-accent participants, but QoE is weakly dependent on packet loss for Azeri-accent
participants. QoE and packet loss are moderately dependent for the third group.

Different dependencies between the corruption feature and each of the three accent groups
can also be seen in Table 3. Although Table 1 indicates that QoE depends highly on the
corruption feature, the dependencies vary from one accent group to another. QoE is moderately
dependent on the corruption feature for Tehrani or Azeri accent, but the dependency is strong
for the other group.

An impressive result is also observed for the jitter feature in Table 3. The p value is higher
than 0.1 for Tehrani and Azeri accents, which means that QoE is independent of jitter for them.
However, when it comes to other accents, the p value is lower than 0.01 which indicates a
strong dependency between QoE and the jitter feature for the other group of participants, who
are the majority of our participants.

Significant results can also be achieved based on speakers’ Azeri accent, as shown in
Table 4. The p value for the packet loss parameter in Table 4 is similar to that of Table 3. The
participants with the Azeri accent are less sensitive to packet loss than the other two groups.
The results in Table 4 for the corruption feature are also similar to the results of Table 3. QoE
is strongly dependent on the corruption feature for Tehrani and Azeri accents, while there is a
moderate dependency on other participants’ accents.

QoE is independent of the jitter feature based on the opinion of the Azeri accent.
Nonetheless, it has a moderate dependency on the jitter feature for the Tehrani accent and
remarkably a high dependency for the third group. The following results can be concluded

Table 2 p value of results according to the gender of speakers and participants

Feature S: F S: F S: M S: M
P: F P: M P: F P: M
RF: 0.27 RF: 0.24 RF: 0.28 RF: 0.21

Accent 0.110 0.406 0.150 0.215
SNR 0.061 0.498 0.255 0.639
Amplitude 0.082 0.498 0.255 0.639
Packet Loss 0.001 0.001 0.001 0.001
Delay 0.365 0.569 0.336 0.028
Jitter 0.138 0.016 0.143 0.020
Corruption 0.001 0.001 0.001 0.001

S Speaker, P Participant, F Female, M Male, RF Relative frequency

Table 3 p value of the results according to the accent of participants for Tehrani speakers

Feature S: Tehrani S: Tehrani S: Tehrani
P: Tehrani P: Azeri P: Other
RF: 0.28 RF: 0.10 RF: 0.62

Gender 0.914 0.322 0.436
SNR 0.297 0.375 0.662
Amplitude 0.261 0.375 0.620
Packet Loss 0.001 0.087 0.014
Delay 0.341 0.592 0.743
Jitter 0.350 0.567 0.005
Corruption 0.035 0.044 0.006

S Speaker, P Participant, RF Relative frequency
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from Tables 3 and 4: (1) Jitter has no impact on QoE for Azeri-accent participants regardless of
the speaker’s accent. (2) QoE is independent of the jitter feature for Tehrani-accent participants
if the speaker has a Tehrani accent. Meanwhile, there is a moderate dependency between QoE
and jitter feature when the speaker’s accent is Azeri. (3) QoE has a high sensitivity to the jitter
feature for other accents participants. (4) SNR has a moderate impact on QoE only for
Azeri-accent participants. In contrast, no considerable dependency has been observed between
SNR and QoE for other accents. However, it should be noted that for FarsDat samples, the
SNR feature values are higher than 23 dB (i.e. clean signals); hence, further studies should be
carried out to check the dependency for lower SNRs. Finally, the key result driven from our
test experiments is that the various network parameters have different effects on the evaluation
of each group of participants.

5.2 QoE prediction

We aim to evaluate QoE using network features. Although it is impossible to determine an
exact value for QoE because of its dependency on users’ opinions, QoE is predicted and
evaluated based on its dependence on users’ opinions and the influence of various network
parameters. Machine learning techniques are the best candidates for predicting QoE according
to users’ opinions since QoE prediction is so complex that it cannot be formulated easily based
on network features and parameters. In the following, some machine learning techniques are
used for QoE evaluation.

MOS can be used to compare the results of a subjective test with objective test results.
Although QoE is typically represented using MOS, users’ opinion, i.e. user score from 1 to 5,
can also be considered. Hence, both MOS and user opinions have been considered for QoE
prediction.

5.2.1 MOS prediction

We use ANN and SVR to predict MOS based on the mentioned network features. Although
some previous works have proposed similar techniques, our method can achieve higher
accuracy by taking into account more new features. As described in the following paragraphs,
the new features such as SNR and accent can significantly improve the accuracy of an
ANN-based or SVR-based QoE prediction method. The impact of each network feature on
the accuracy of evaluation is also considered.

Table 4 p value of results according to the accent of participants for Azeri speakers

Feature S: Azeri S: Azeri S: Azeri
P: Tehrani P: Azeri P: Other
RF: 0.28 RF: 0.09 RF: 0.63

Gender 0.138 0.130 0.405
SNR 0.104 0.072 0.605
Amplitude 0.236 0.088 0.605
Packet Loss 0.001 0.086 0.004
Delay 0.548 0.878 0.257
Jitter 0.083 0.270 0.008
Corruption 0.005 0.009 0.032

S Speaker, P Participant, RF Relative frequency
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The ANN [27] is implemented by three hidden composed layers. These fully connected
layers consist of 13, 50, and 20 nodes, respectively. “ReLU” is used for activating all these
three layers. A dropout of 0.25 is applied to the first and second layers. The only node of the
output layer yields the final score. The ANN uses Adam’s optimization algorithm as an
optimizer and Categorical cross entropy as a loss function. After completing the learning
phase, QoE can be predicted by the ANN.

Our second QoE prediction method is based on SVR. It should be noted that SVR is a
version of Support Vector Machine (SVM), which is used for regression analysis. Regarding
the SVR method, choosing its kernel function is the most critical step in transforming input
data into our intended form. We have used the Radial Basis Function (RBF) which is typically
deployed in learning algorithms such as SVR [37]. The function is defined for two samples x
and x′ as:

K x; x
0

� �
¼ exp −

x−k x0k2
2σ2

 !
ð2Þ

In relation 2, the term ‖x−x′‖2 is the squared Euclidean distance between two features, and σ is
a free parameter determining the spread of kernel.

Figure 3 shows the absolute error rate of our prediction methods (both ANN and SVR) in
comparison to PESQ. In the PESQ method, each sample file is compared with the original
voice file to obtain a quality indicator between 1 and 5 for comparison. ANN-based and
SVR-based methods in which new features are taken into account achieve significantly higher
accuracy than PESQ, as shown in Fig. 3.

Moreover, Table 5 compares our methods’ absolute error with the absolute error rate
reported by MLQoE [5]. Similar to our approach, MLQoE has conducted a subjective test
and used machine-learning techniques. It should be noted that since we have used a different
dataset (for the Persian language), the results cannot be directly compared in a plot. However,

Fig. 3 The absolute error derived from ANN, SVR, and PESQ: Confusion matrix for the five-choice opinions
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the mean, median, and standard deviation of the errors can be compared to make their
difference clear. As shown in Table 5, both our ANN and SVR-based techniques have yielded
less error than MLQoE.

5.2.2 Opinion prediction

As mentioned before, while most papers consider MOS, predicting user opinions is also
appealing [7]. To predict a user opinion, classification techniques are necessary. There are
various well-known machine learning methods for this purpose [24, 28]. We have used
three well-known machine learning methods of data mining, namely Decision Tree (DT),
Naive Bayes (NB), and Rule Induction (RI). We have used the majority of users’ opinions
(rather than their average opinions) to determine the QoE index. We have also used the
10-fold Cross-Validation (CV) for all cases. The samples are divided into ten folds, and for
each fold, 70% of samples are used for the training phase, and the other 30% are used for the
testing phase.

The accuracy of opinion prediction can evaluate the correctness of each method. An
opinion (with a score from 1 to 5) may be correctly predicted, or it may be guessed incorrectly
as one of the other four possible scores. Accuracy is defined as the ratio between the numbers
of correctly predicted samples and the total number of samples. Table 6 shows a 5 × 5
confusion matrix. Each element of the matrix is indexed by nij, representing the prediction
of opinion j when the true opinion is i. It is evident that nii indicates the number of samples that
have been correctly predicted, i.e. the true opinion is i, and the value i has also been predicted.

Although the ITU standard recommends the range of 1 to 5 for voting scores [18], simpler
voting scoring conditions from 1 to 3 and even from 1 to 2 are usual and adequate [7]. It is
often difficult for people to choose or decide between 5 options. Voting for one of the three
scores 1 (bad), 2 (fair), and 3 (good) is likely more comfortable for them. For a two-choice
option, a user evaluates the voice sample as acceptable or not. Thus, according to the tolerable
complexity, the 5-score users’ opinion is converted to a 3- or 2-score matrix. The 5-score
evaluation table is converted to a 3-score table by mapping opinion scores 1 and 2 to (a new)
score 1, 3 to score 2, and 4 and 5 to score 3, respectively. In the same way, a 5-score opinion
table is converted to a 2-score table by mapping opinion scores 1 and 2 to score 1, and 3, 4, and
5 to score 2, respectively. Tables 7 and 8 represent the confusion matrices for the three- and
two-choice opinions, respectively.

The accuracy of evaluation is calculated based on three relations from 3 to 5. Ti represents
the cases that have been correctly classified, and Fi represents the incorrectly classified cases. S
represents the number of conditions, which can be 5, 3, or 2.

Ti ¼ nii ð3Þ

Table 5 Mean, Median and Standard deviation of absolute error for different methods

Method Mean Median Standard deviation

ANN 0.38 0.31 0.28
SVR 0.47 0.39 0.37
MLQoE [5] 0.73 0.68 0.66
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Fi ¼ ∑S
j ¼ 1
j≠i

nij ð4Þ

Accuracy %ð Þ ¼ ∑S
i¼1 Ti

∑S
i¼1 Tiþ Fið Þ � 100 ð5Þ

The calculated values for accuracy are shown in Table 9. As expected, the accuracy value has
increased when the number of states (or groups) gets lower. This is because the number of
incorrect predictions decreases with the number of conditions (choices). Lesser conditions
mean fewer and larger groups yielding better matching. It should be noted that the 5-choice
opinions have been mapped to 3- and 2-choice opinions in this calculation. Obviously, better
accuracy could be achieved if the poll of users’ opinions could be rerun based on one of the
three options: bad, fair, and good.

As Table 9 shows, the Decision Tree method achieves better accuracy than two other
machine learning methods. The Rule Induction method is also more accurate than the Naive
Bayes method. We have used Receiver Operating Characteristic (ROC) curve to compare
these three machine learning methods [34]. This curve is drawn based on the True Positive
Rate (TPR) ratio to False Positive Rate (FPR) in various states. The closer a curve is to the
upper left corner of the diagram, the higher the accuracy. Figure 4 shows the ROC curves for
these three methods. As shown in Fig. 4, the Decision Tree method has higher accuracy than
the other two methods.

Paper [7] has used machine learning techniques to predict the opinion of a user. It has also
analyzed both five-choice and two-choice opinions. Table 10 compares the accuracy of our
method with the results of this paper. Our method has achieved higher accuracy, especially for
five-choice opinions.

Table 6 Confusion matrix for the five-choice opinions

Predicted score

1 2 3 4 5

Observed score 1 n11 n12 n13 n14 n15
2 n21 n22 n23 n24 n25
3 n31 n32 n33 n34 n35
4 n41 n42 n43 n44 n45
5 n51 n52 n53 n54 n55

Table 7 Confusion matrix for the three-choice opinions

Predicted score

1 2 3

Observed score 1 n11 n12 n13
2 n21 n22 n23
3 n31 n32 n33
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In a recent work [23], ML methods have been used to evaluate classification. Its results
show that the Decision Tree method is more accurate than other machine learning methods. In
[23], the audio samples are classified according to the types of noise pattern and the amount of
SNR into one of 8 classes according to the accuracy of the prediction.

5.3 Discussion

Our evaluation, which is based on the effectiveness of features, shows that the packet loss rate
and corruption parameters play a significant role in QoE evaluation. Although previous related
papers have proposed that the packet loss rate is the main factor in determining QoE, the
corruption feature has not been considered. Despite the recent improvements in data transmis-
sion networks that have led to significant reductions in corruption rates, the corruption of
packets is still an important parameter of VoIP applications due to the use of UDP protocol and
diverse environments and networks.

The delay feature has not been observed to affect QoE because listeners cannot logically
experience it in an oral test. However, the jitter feature has a significant impact on QoE due to
the loss of voice quality.

SNR is one of the new features that we have considered. SNR can have a significant effect
on the quality of voice signal, and users can also perceive it. However, we did not observe its
impact on QoE in users’ opinions due to the relatively high SNR level of our voice samples
(taken from FarsDat where SNR is between 23 and 43 dB). Nonetheless, based on our
preliminary experiments, we observed when SNR is less than 20 dB, then the effect of noise
on voice quality and, consequently, QoE is very prominent. In such a situation, the voice signal
could be lost in the background noise, and its amplitude (energy) is not enough to be correctly
perceived. This issue should be considered more profoundly in detail as future work.

The other important point is the effect of other features on the quality. Features such as
gender and different accents of the Persian language are the other new concepts considered in
this paper. Previous works have not addressed such features. When each of the features is
considered separately, the results of Table 1 show that in this case, there is no significant
relationship between them and QoE. A diverse set of features has been chosen to better predict
QoE based on these features’ interaction. In other words, while each of the features is not
effective on its own, their combination into one feature set can lead to a more accurate

Table 8 Confusion matrix for the two-choice opinions

Predicted score

1 2

Observed score 1 n11 n12
2 n21 n22

Table 9 Accuracy results

Method 5 states 3 states 2 states

Decision Tree 62.38% 71.22% 84.21%
Naive Bayes 50.63% 67.47% 78.13%
Rule Induction 57.83% 68.44% 80.32%
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evaluation or prediction of QoE. For this purpose, in this paper, users are divided into several
categories based on their gender and accent to realize their distinct impact on QoE. This is very
important because most of the previous works took into account the average opinion of all
users, which meant that some important features on QoE were not considered. However, this
paper shows that by analyzing and considering more different users’ and network character-
istics, a more accurate evaluation of QoE can be estimated and obtained.

6 Conclusion

In this paper, the importance of subjective tests for QoE evaluation has been studied. We used
a subjective method to predict QoE more accurately, whereas in previous related work on
QoE, subjective methods have been used only to validate objective methods. We considered
three different characteristic factors: human (gender and accent), voice signal (SNR and
amplitude), and network (packet loss rate, delay, jitter, and corruption rate). The proposed
scheme was evaluated using an extensive poll of users. Based on the data evaluation, several
significant correlations have been observed between QoE and features, such as packet loss
rate, packet corruption rate, and jitter. The other features had less correlation with QoE.

Moreover, we divided users into several groups according to their gender and accent
features, and then, we repeated the experiments. Under the circumstances, we observed that
QoE is sometimes affected by the features based on network, signal and speaker parameters. In
other words, it was observed that if gender and accent features are used along with the other

Fig. 4 ROC of decision tree, naive Bayes, and rule induction

Table 10 Comparison of the accuracy of opinion prediction

Method Five-choice opinions Two-choice opinions

Our method 62.38% 84.21%
Paper [7] 51.21% 83.06%
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main features, QoE could be more accurately evaluated. ANN-based and SVR-based
implementations show that QoE prediction can be accurately evaluated by using all the above
features.

One of our ongoing works is to investigate the impact of environmental noise on QoE. This
factor directly affects SNR, which can, in turn, affect QoE. To this end, samples with various
SNR values lower than 20 dB should be generated in different network conditions, and then,
the subjective test should be applied again to clarify the effect of SNR factor on QoE more
accurately.

As another future work, QoE can be predicted according to the relation between different
groups or classes of listeners and speakers. According to each user group, various QoE
indicators can be evaluated instead of using a single QoE indicator for all users. In other
words, based on the user’s group, the values of configurable features will be customized by the
system to fulfill users’ quality of experience.
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