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Abstract
This paper presents a comparison of Bayesian Network  (BN) and Bayesian Statistics  (BS) modeling for QoE (Quality of 
Experience) estimation and prediction in multimedia communications, with special attention to prediction. As an exam-
ple of the comparison, we employ a haptic-audiovisual interactive communication system with guaranteed bandwidth. 
The QoE measure adopted here is subjects’ overall satisfaction (average score) of performing an interactive task under 
conditions specified by combinations of the video guaranteed bandwidth, video encoding bit rate, receiver’s playout 
buffering time and gender of each subject. For BN modeling, we utilize an R package bnlearn and create a discrete BN 
model of a directed acyclic graph with four nodes corresponding to the four parameters. For BS modeling, we build (1) a 
Bayesian hierarchical regression model with covariates of the four parameters and random effect terms reflecting users’ 
individualities and gender, and (2) a Bayesian regression model without the random effect terms. The two BS models are 
analyzed by Markov chain Monte Carlo (MCMC) simulation with the software OpenBUGS. We then find that the BN and 
BS models provide approximately the same estimates of the QoE measure. Regarding the prediction, however, the BS 
model with random effect terms outperforms the BN model and BS model without random effect terms. We thus learn 
that the random effect terms enhance the ability of Bayesian approaches in QoE prediction.

Keywords Quality of Experience (QoE) · Bayesian network · Bayesian statistics · bnlearn · OpenBUGS · Haptic-audiovisual 
communications
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1 Introduction

Quality of Experience (QoE ) in multimedia communica-
tions is a truly end-to-end quality of multimedia services 
offered to the users since it includes the users’ perceived 
quality of the service; it is influenced by not only Quality of 
Service (QoS) of the network but also surrounding environ-
ments and human factors such as gender, age and other 

demographic properties [1–3]. This complicates quantita-
tive assessment of QoE.

To cope with the problem, many methodologies have 
been proposed according to situations to be assessed; 
e.g., [4–11] Among them, Bayesian methodologies provide 
powerful approaches to the problem; they have also been 
widely utilized as probabilistic modeling tools of uncer-
tainty in a variety of applications [12–17].
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Two main methods in this category are Bayesian Net-
work (BN) [12–14] and Bayesian Statistics (BS) [15–17]. The 
BN method is a probabilistic inference tool (a machine 
learning technique) in artificial intelligence; it is based on 
graphical modeling using directed acyclic graphs (DAGs), 
which encode the conditional independence between 
nodes, a key concept in BNs. On the other hand, mod-
ern Bayesian statistics utilize computer-simulation based 
techniques for deriving posterior probabilities of unknown 
parameters of interest; we suppose this type as the BS 
method in this paper.

A noticeable advantage of the Bayesian approaches is 
the capability of explicitly incorporating influencing fac-
tors on QoE and prior information into models; this enable 
us to investigate the effects of the factors on QoE in sys-
tematic and efficient ways using priors.

The two methods utilize a common basic rule, Bayes’ 
theorem, for computing posterior probabilities. So, some 
parts of each implementation share the same techniques, 
but there are many different methodological details 
between the two.

Studies on assessment of multimedia communications 
QoE by the BN method appeared in literature earlier than 
those by the BS method; e.g., see [4, 18, 19, 23, 24, 26] for 
BN, and [6, 20, 21] for BS. Despite the similarity in name, 
however, no comparative study on multimedia communi-
cations QoE assessment between the two methods can be 
found in publications.

There seems to be even some confusion between the 
two methods in this area of QoE study. Thus, advantages 
and disadvantages of each method have not yet been 
clarified. The clarification of the relationship can provide 
information on how we should effectively use each method 
as a multimedia tool according to a given problem; this con-
tributes to promoting research on quantitative assessment 
of QoE and is the aim of this paper.

This paper is a first trial of comparing the BN and BS 
as methodologies for estimation and prediction of QoE 
in multimedia communications, paying special attention 
to prediction.

As a material of the comparison, this paper employs 
a haptic-audiovisual interactive communication system, 
since multisensory communications of this type are 
regarded as offering one of the most promising multime-
dia services in near future [22]. Haptic-audiovisual com-
munications also exhibit diversified traffic characteristics 
of component media, which bring an appropriate problem 
for an approach by the Bayesian methods. The overall satis-
faction in performing an interactive task is defined as QoE, 
which is represented as the average of five-point scores 
given by users.

It should be noted that the methodology proposed 
in this paper for comparison between BN and BS is not 

restricted to the haptic-audiovisual interactive commu-
nication system but applicable to any other multimedia 
communication systems.

This paper aims at clarification of the relationship 
between BN and BS from an inferential methodological 
point of view by demonstrating a case study. We do not 
intend holistic QoE assessment of the haptic-audiovisual 
interactive communication system itself, which is outside 
the scope of the current paper and should be treated as 
a separate research subject with multidimensional QoE 
measures whose components include haptic measures, 
audiovisual ones and interstream ones as well as overall 
satisfaction as in [21].

The remainder of the paper is organized as follows. Sec-
tion 2 overviews related work in multimedia communi-
cations QoE modeling by BN and BS. Section 3 outlines 
methodologies adopted for a comparison of BN and BS 
modeling. Section  4 describes the haptic-audiovisual 
interactive communication system treated in this paper, 
along with an interactive task to be performed. It also pre-
sents subjective experimental data of scores for QoE and 
introduces data formats for Bayesian modeling. Section 5 
proposes a BN model and carries out QoE estimation and 
prediction. Section 6 presents two BS models. Section 7 
compares results of QoE estimation and prediction by the 
BS models with those by the BN model. Section 8 con-
cludes the paper.

This paper is accompanied by electronic supplemen-
tary material which consists of 10 files (four dataset csv 
files, five R codes, and an OpenBUGS code) in addition to 
a README file (42452_2019_983_MOESM11_ESM.pdf ).

2  Related work

2.1  Fundamentals of BS and BN

First of all, we briefly review fundamentals of Bayesian 
statistics (BS) and Bayesian network (BN). Both methods 
utilize Bayes’ theorem, which evaluates the posterior prob-
ability distribution of unknown parameter � conditional on 
the observed data (i.e., samples) y by a formula

where p(⋅) stands for the probability density function, 
f (y|�) is the likelihood (the sampling model) and �(�) the 
prior distribution of � [16, 17]. The BS method always speci-
fies the prior in addition to the sampling model [16, 17]; 
i.e, fully Bayesian. The BN method, on the other hand, is 
not inherently Bayesian at all; “probabilities represented 
by this method can be interpreted in any number of ways, 
including as some form of frequency” [13].

(1)p(�|y) = f (y|�)�(�)∕p(y) ∝ f (y|�)�(�)
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The BN method consists of structure learning and 
parameter learning. Given a set of observations of random 
variables, a structure learning algorithm is utilized to spec-
ify the topology of a directed acyclic graph (DAG) which 
captures dependence relationships among nodes each 
corresponding to a random variable. DAGs, however, are 
often built not by using any structure learning algorithms 
but with technical knowledge (expert knowledge) of the 
target problem. The parameter learning is performed to 
estimate a conditional probability table (CPT) of each node; 
as an algorithm for the estimation, the maximum likelihood 
can be used as well as Bayesian [13, 14].

2.2  Individual researches

We next glance through research papers on multimedia 
communications QoE modeling by BN and BS. QoE stud-
ies by the BN method have been published in [4, 5, 18, 19, 
23, 24, 26], while those by the BS appear in [6, 20, 21]. We 
can find no QoE study in which the same multimedia com-
munication system is analyzed by both BN and BS with an 
aim of comparing the two analytic results.

As for the BN category, Ullah et al. [18] gave a model of 
the user behavior in Peer-to-Peer (P2P) live video stream-
ing systems. They proposed a BN model with 12 nodes 
each of which represents a user behavior metric or an 
impacting factor like streaming quality, delay or band-
width contribution ratio. However, QoE was not evaluated 
quantitatively.

Note that a QoE value in a BN model is usually calcu-
lated as a function of conditional probabilities associated 
with a node; e.g., the average of scores conditional on 
instantiations (all possible combinations of values of par-
ent nodes [13]), as we will see in Eq. (2). However, ordinary 
BN models do not support such mechanisms.

In order to quantify QoE of a VoIP application as a BN 
model, Mitra et al. [4, 23] resorted to Bayesian decision net-
works (influence diagrams), which add utility nodes as well 
as decision nodes to ordinary nodes (chance nodes) of BNs. 
Each utility node has an associated utility table with one 
entry for each possible instantiation of its parent nodes 
and provides the expected utility value [13]. The utility table 
can be made so that the expected utility value indicates 
QoE. Furthermore, Mitra et al. extended their BN model to 
dynamic Bayesian networks for sequential QoE modeling 
(i.e., measuring QoE over time) [24]. The BN software GeNIe 
[25], which has a GUI (Graphical User Interface), is used in 
[4, 23, 24].

Carvalho et al. [26] proposed a methodology of design-
ing video transmission over wireless LANs, combining 
measurement and simulation with the aid of Bayesian 
networks. They built a BN with six nodes (metrics) consist-
ing of distance, delay, jitter, PSNR (Peak Signal-to-Noise 

Ratio), SSIM (Structural Similarity) and RSSI (Receiver Signal 
Strength Indicator). The BN model provides inferences of 
the metrics that are used to find the requirements of speci-
fied standard values. Thus, QoE itself was not evaluated in 
the paper.

Mok et al. [5] applied a multiclass Naïve Bayes classifier 
to predict the quality of workers (i.e., subjects) in crowd-
sourcing for video QoE assessment, though its application 
is not to the evaluation of QoE itself.

Karadimce and Davcev [19] proposed a BN model for a 
classification of cloud-based services based on objective 
and subjective characteristics for perception of quality. 
They use a utility node to evaluate QoE, which is calculated 
as the expected utility value, with the software GeNIe.

From the observations so far, we have seen that the pre-
vious BN studies evaluating multimedia communications 
QoE employ utility nodes and that BN models without util-
ity nodes need some specific technique for quantifying 
QoE.

Regarding the BS method, Tasaka [6, 20] presented a 
BS framework for QoE (overall satisfaction) estimation and 
prediction in a bandwidth guaranteed interactive audio-
visual communication system. He built Bayesian regression 
models with covariates of channel bandwidth, contents of 
tasks, customization of playout buffering control for QoE 
enhancement in addition to random effect terms having 
hierarchical priors for the users’ attributes (individualities 
and gender). The models are analyzed by Markov chain 
Monte Carlo (MCMC) simulations with the software Win-
BUGS [17, 27]. Furthermore, Tasaka [21] proposed a meth-
odology for assessing multidimensional QoE by Bayesian 
analysis of Structural Equation Models (SEMs), employing a 
haptic-audiovisual interactive communication system as 
an example. The QoE measures are 13 subjective ones and 
a single objective measure of efficiency.

3  Modeling methodologies for comparison

This section elaborates on methodologies adopted by 
this paper for the QoE comparison between BN and BS. 
Because of a first trial of the comparison, this paper takes 
simple approaches to the modeling so that they can 
demonstrate the differences in estimation and prediction 
abilities between the two methods, if any. We pay more 
attention to prediction than estimation; this is because the 
previous studies on QoE modeling, especially BN models, 
have not elucidated the prediction issue in any systematic 
manner.
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The haptic-audiovisual communication system treated 
in this paper has a bandwidth guarantee mechanism1 [28]. 
It is characterized by the video guaranteed bandwidth 
B, the video encoding bit rate R and the playout buffer-
ing time P, while the other system parameters are kept 
constant.

3.1  BN modeling

For BN modeling, we develop an ordinary discrete BN 
model (i.e., without utility nodes), which is the most popu-
lar and simplest one among the BN models. The DAG con-
sists of five nodes: B, R, P, G and S, where G denotes the 
subject’s gender and S the score variable on a five-level 
quality scale. Since this BN model does not use any utility 
node, we evaluate QoE by utilizing the conditional prob-
ability table (CPT) of node S; this is one of the novelties of 
the current paper.

Many BN software packages are available commercially 
and freely. This paper has selected an R package bnlearn 
[14, 29, 30]; this is because it is a free package and provides 
a command-line interface. Although many BN software 
packages with GUI (Graphical User Interface) are avail-
able [13, 14], they can be used without specifying details 
of individual inference processes; this could prevent us 
from proper understanding of internal operations for the 
inference. On the other hand, a command-line interface 
requires the user to specify individual inference steps by 
commands; this is suitable for the current purpose of com-
paring the two different types of modeling, BN and BS.

3.2  BS modeling

For BS modeling, we formulate Bayesian regression mod-
els which have the mean of a continuous latent variable 
underlying S as the response variable and B, R, P and G as 
explanatory variables. We build two models: a regression 
model with random effect terms having hierarchical pri-
ors for the users’ attribute, and a regression model with-
out the random effect terms. We analyze the models by 
MCMC simulation with the software OpenBUGS [17, 31]. 
BUGS [17], which includes WinBUGS, OpenBUG and JAGS, 
exploits the conditional independence encoded in DAGs 
to simplify the expression of the full conditional distribu-
tions for MCMC, though the DAGs do not appear explicitly 
in the BS formulation.

3.3  Prediction

In both BN and BS methods, this paper pays special atten-
tion to the prediction problem. Given a dataset of observa-
tions of a random variable, the first step for the prediction 
is to divide the dataset into a training set and a test set. A 
model for the prediction is built by fitting it on the training 
set. The model provides predicted values of data in the test 
set; then, the accuracy is checked by comparison between 
the predicted values and the corresponding observed 
ones in the test set. The four steps (the dataset partition, 
model fitting, prediction and accuracy check) are repeated 
by changing the training and test sets. Overall accuracy is 
evaluated as the average of individual ones. It is apparent 
that the accuracy depends on how the original dataset is 
partitioned into the two parts.

A widely used way of the partition and accuracy check 
is k-fold cross-validation, where the data are randomly par-
titioned into k subsets, and each subset is used in turn to 
validate the model fitted on the remaining k − 1 subsets 
[13, 29, 30].

The prediction can also be considered a missing data 
problem [17], since the data in the test set are regarded 
as missing in the original whole dataset. MCAR  (missing 
completely at random) and MAR (missing at random) are 
often assumed in prediction problems as in k-fold cross-
validation. This assumption may be appropriate when we 
want to remove scores from the original dataset for some 
reasons (e.g., data are outliers, or subjects are unqualified). 
However, this is not necessarily an appropriate setting in 
real situations of QoE assessment. Data we wish to pre-
dict are not considered to be dispersed randomly over 
the dataset but rather to be located in blocks, since a QoE 
value is calculated by taking an average over a data block 
(i.e., a set of scores given by subjects under a certain condi-
tion). This corresponds to MNAR (missing not at random), 
which is a much harder situation than MCAR and MAR in 
the missing data problem. This paper supposes MNAR. We 
will see more details in Sect. 5.4.

4  Haptic‑audiovisual interactive 
communications with guaranteed 
bandwidth

This section illustrates the experimental system con-
structed for haptic-audiovisual interactive communica-
tions and a task which a pair of subjects perform for QoE 
evaluation [28]. The data of scores collected in the experi-
ment are formatted into a style convenient for Bayesian 
modeling.

1 The system in [21] has no such a mechanism; it is a best-effort 
network
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4.1  Experimental system

Figure 1 shows the experimental system configuration.
A pair of subjects carry out an interactive task, which is 

referred to as object movement. The task is performed in 
the workspace of Fig. 1b (this is not a virtual space but a 
real space). One of the subjects plays a role of the instruc-
tor, and the other is the manipulator; the procedure for the 
task will be described later in the next subsection.

Each terminal is equipped with a haptic device (PHAN-
ToM Omni; hereafter, PHANToM for simplicity), a video cam-
era, an LCD monitor and a headset, and has an identical 
workspace.

As depicted in Fig. 1, PHANToM has a stylus with which 
the user can take mechanical actions on physical objects. 
The two terminals are located in different rooms. Each ter-
minal transmits/receives haptic media, audio and video 
to/from the other terminal as three separate UDP streams.

PHANToM gives the user a reaction force that is pro-
portional to the difference in the coordinate data of the 
stylus between its own device and the other one; thus, 

the two haptic devices work so that they can decrease the 
positional difference of the styli. This forms a force feed-
back loop between the two devices and allows the user 
to manipulate the stylus of the other side remotely by his/
her own stylus.

The receiver at each terminal exerts playout buffering 
control at the application layer in order to absorb network 
delay jitter. The transmission unit at the application layer 
is referred to as a media unit (MU) in this paper. A video 
MU corresponds to a video frame, an audio MU is a con-
stant number (320) of audio samples, and a haptic MU is 
current positional information (320 bit coordinate data) 
of the stylus.

Load Senders 1 and 2 transmit UDP load traffic to Load 
Receivers 1 and 2, respectively; they generate UDP data-
grams of 1480 bytes each at exponentially distributed 
intervals.

Routers 1 and 2 are bandwidth controllable routers 
(Cisco 2811), which are connected through a 100 Mb/s full 
duplex Ethernet channel; the other links have the same 
transmission rate (100 Mb/s). The routers make bandwidth 

Fig. 1  Experimental system 
configuration and the task

(a)

(b)
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reservation between the two with the Low Latency Queue-
ing packet scheduling algorithm, which classifies the traf-
fic into two kinds of classes: the Priority Queueing (PQ) 
class and the Class Based Weighted Fair Queueing (CBWFQ) 
classes. Each class has a dedicated buffer. Packets in the PQ 
class are served with high priority until its buffer becomes 
empty; then, the server goes down to the CBWFQ classes. 
CBWFQ can specify the minimum guaranteed bandwidth 
for each class. The PQ class is assigned to the haptic media, 
while the video, audio and UDP load are treated as three 
separate CBWFQ classes.

Table 1 shows specification of the video, audio and 
haptic media. The video guaranteed bandwidth, which is 
denoted by B, is set to 1.0, 1.5, 2.0, or 2.5 Mb/s. The video 
encoding bit rate R takes three values according to B. The 
audio is a 128 kb/s linear PCM with the guaranteed band-
width of 160 kb/s.

The original haptic MU rate of PHANToM is 1 kHz; this 
leads to a bit rate of 320 kb/s. However, in order to reduce 
the bit rate, we have adopted Position History-Based DR 
(Dead-Reckoning) [32, 33], which is a sort of predictive 
encoding scheme; the DR scheme adopted here sends 
a haptic MU only when the difference between the pre-
dicted position and the real one exceeds a threshold value. 
This paper performs a linear prediction using the position 
and velocity; the threshold value is set to 1.0 mm. Predic-
tion error of its own predicted position upon reception of 
a haptic MU is corrected gradually in ten steps. Note that 
the rate of updating prediction for DR and decision on MU 
transmission is kept at 1 kHz. The guaranteed bandwidth 
for the haptic media as the PQ class is 200 kb/s, which can 
accommodate the reduced bit rate.

The remaining bandwidth is allocated to the load traffic, 
whose average bit rate is set to the guaranteed bandwidth.

In this system, the playout buffering time at the receiver 
plays an important role in enhancing the performance. We 
have employed the Media Adaptive Buffering (MAB) scheme 
[21], where the playout buffering time for the haptic media 
is set to a shorter value than that for the audio and video 
streams. The playout buffering time often dominates end-
to-end delay in interactive communications, and the hap-
tic is vulnerable to long end-to-end delay, which usually 

increases the coordinate difference; a large difference 
generates a stronger reaction force, which degrades the 
operability of PHANToM. In this experiment, the buffering 
time of the haptic media is kept at 10 ms, while the audio 
and video streams adopt the same buffering time P, which 
is set to 40, 60, 80, 100, 150, or 300 ms (see Table 1).

4.2  Task of object movement

Referring to Fig. 1b, we explain the procedure for the task 
of object movement. At the beginning of a task, one of the 
two subjects is assigned to the instructor, and the other 
subject to the manipulator.

The following three steps are repeated during 30 s .

1. The instructor randomly selects an object out of the 
three in the center circle on his/her own side and tells 
an instruction (e.g., move the circle object to the square 
destination) to the manipulator using the microphone.

2. The manipulator acknowledges the instruction; then, 
to move the specified object on the instructor’s side, 
he/she manipulates the instructor’s PHANToM through 
his/her own PHANToM over the network, while watch-
ing the instructor’s workspace displayed on his/her 
LCD monitor.

3. Once the manipulator has delivered the object to the 
destination, the two subjects alternate the roles.

Note that the subject at a terminal can operate not only 
his/her own stylus but also the stylus at the other termi-
nal remotely. During an experiment run (i.e., 30 s), each 
subject holds his/her own stylus in a hand; however, the 
instructor’s subject surrenders him/herself to the manipu-
lator’s movement not so as to impede it. In a sense, the 
instructor looks like a marionette remotely operated by 
the manipulator.

4.3  Subjective experiment

We conducted subjective experiment for collecting five-
point scores for the task by recruiting 38 subjects, who 
are composed of 24 females and 14 males in their teens 

Table 1  Specification of video, 
audio and haptic

Video (H.264) Audio (PCM) Haptic (DR)

Packet scheduler CBWFQ CB-WFQ PQ
Guaranteed band-width B (Mb/s) B = 1.0, 1.5, 2.0, 2.5 0.160 0.20
Encoding bit rate R (kb/s) B = 1.0 R = 600, 750, 900 128 (linear PCM) Variable (DR)

B = 1.5 R = 900, 1125, 1350
B = 2.0 R = 1200, 1500, 1800
B = 2.5 R = 1500, 1875, 2250

Playout buffering time (ms) P = 40, 60, 80, 100, 150, 300 10
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and twenties; they were university students. We have 
given each of the 38 people a subject ID with a gender 
mark, F (Female) or M (Male); the ID’s for female are 1 
through 12 and 20 through 31, while those for male are 
13 through 19 and 32 through 38.

In the experiment, each subject was asked to evaluate 
11 QoE measures on a five-point quality scale; they are 
three video-related ones, two haptic ones, an audio one, 
interstream synchronization quality between video and 
haptic, interactivity, communication naturalness, work 
difficulty, and overall satisfaction.

For simplicity of discussion, we deal only with the 
overall satisfaction in this paper. Other measures can be 
modeled in the same way as proposed here. The Absolute 
Category Rating (ACR ) with the five-level quality scale was 
used: “excellent” = 5, “good” = 4, “fair” = 3, “poor” = 2 and 
“bad” = 1.

For the convenience of Bayesian modeling in the follow-
ing sections, we now introduce the stimulus ID and stimuli 
group number which are defined in Table 2. A stimulus is 
the unit of system parameters for which QoE is assessed; 
it is prescribed by a combination of B, R and P, which gives 

Table 2  Definition of stimulus ID (1 through 72) and stimuli group numbers (1 through 12)

B (video guaranteed Bandwidth) = 1.0, 1.5, 2.0, 2.5 [Mb/s];

R (video encoding bit Rate) = 600, 750, 900, 1125, 1350, 1200, 1500, 1800, 1875, 2250 [kb/s];

P (playout buffering time) = 40, 60, 80, 100, 150, 300 [ms]; stimulus ID = j ( j = 1,… , 72),

Stm grp No. = stimuli group number = n ( n = 1,… , 12);

in stm grp n, j = 6(n − 1) + 1,… , 6n

Stimulus ID 1 2 3 4 5 6 7 8 9 10 11 12
Stm grp No. 1 2

B (bandwidth) 1.0 1.0
R (rate) 600 750
P (playout) 40 60 80 100 150 300 40 60 80 100 150 300

 Stimulus ID 13 14 15 16 17 18 19 20 21 22 23 24
Stm grp No. 3 4

B (bandwidth) 1.0 1.5
R (rate) 900 900
P (playout) 40 60 80 100 150 300 40 60 80 100 150 300

 Stimulus ID 25 26 27 28 29 30 31 32 33 34 35 36
Stm grp No. 5 6

B (bandwidth) 1.5 1.5
R (rate) 1125 1350
P (playout) 40 60 80 100 150 300 40 60 80 100 150 300

 Stimulus ID 37 38 39 40 41 42 43 44 45 46 47 48
Stm grp No. 7 8

B (bandwidth) 2.0 2.0
R (rate) 1200 1500
P (playout) 40 60 80 100 150 300 40 60 80 100 150 300

 Stimulus ID 49 50 51 52 53 54 55 56 57 58 59 60
Stm grp No. 9 10

B (bandwidth) 2.0 2.5
R (rate) 1800 1500
P (playout) 40 60 80 100 150 300 40 60 80 100 150 300

 Stimulus ID 61 62 63 64 65 66 67 68 69 70 71 72
Stm grp No. 11 12

B (bandwidth) 2.5 2.5
R (rate) 1875 2250
P (playout) 40 60 80 100 150 300 40 60 80 100 150 300
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4 × 3 × 6 = 72 stimuli in total. A stimuli group is a set of 
stimuli whose values of the (B, R) pair are the same (the 
total number is 4 × 3 = 12 ); within a stimuli group, we can 
examine the effect of the playout buffering time P on QoE 
under a fair condition.

Each subject gives a score to every stimulus; therefore, 
a stimulus has 38 scores. Table 3 displays a framework of 
the collected scores as a 38 × 72 matrix, which is called the 
full dataset and is denoted by SF in this paper. The subject 
ID is shown with a gender mark, F (Female) or M (Male). 
The full set of the scores is provided in the supplementary 
material as the “Full-dataset.csv” file (42452_2019_983_
MOESM1_ESM.csv).

5  Bayesian network modeling

In this section, we formulate a discrete Bayesian Network 
(BN) model, using an R package bnlearn [14, 29, 30]. We 
also make estimation and prediction of QoE.

5.1  DAG and CPT

The five variables B, R, P, G and S are treated as nodes 
of a BN model. We did not utilize any structure learning 
algorithm for creating a directed acyclic graph (DAG), 
but we set a graph shown in Fig. 2, which we call dag 

here, considering dependence relationships among the 
variables.

We will calculate QoE by using the conditional prob-
ability table (CPT) of node S as we will see in Sect. 5.3. As 
already mentioned in Sect. 3, unlike [4, 19, 23, 24], this 
paper does not introduce utility nodes.

For estimation of CPT in each node (i.e., parameter learn-
ing), we make a data frame with five columns each rep-
resenting the node variable as illustrated in Table 4; we 
refer to the data frame as dhav in this paper.2 The S column 
of dhav has been constructed by reshaping the 38 × 72 

Table 3  Full dataset S
F
 of 

collected scores

1 = bad, 2 = poor, 3 = fair, 4 = good, 5 = excellent

Subject ID (gender) Stimulus ID

1 2 3 … 71 72

1 (F) 5 4 4 … 4 5
2 (F) 4 3 3 … 3 3
⋮ (F) ⋮ ⋮ ⋮ ⋱ ⋮ ⋮

12 (F) 4 5 4 … 5 5
13 (M) 3 3 2 … 4 2
⋮ (M) ⋮ ⋮ ⋮ ⋱ ⋮ ⋮

19 (M) 2 2 3 … 4 4
20 (F) 1 2 1 3 3
⋮ (F) ⋮ ⋮ ⋮ ⋱ ⋮ ⋮

31(F) 5 5 5 … 5 5
32(M) 2 4 3 … 3 3
⋮ (M) ⋮ ⋮ ⋮ ⋱ ⋮ ⋮

38 (M) 4 3 1 … 5 4

Fig. 2  dag: a directed acyclic 
graph for Bayesian network 
modeling

Table 4  dhav: a data frame for parameter learning in the BN model

Data No. Node

B R P S G

1 v1 5 F
2 v1 4 F
⋮ ⋮ ⋮ ⋮

38 v1 4 M
⋮ ⋮ ⋮ ⋮

38(j − 1) + 1 v j s1j F
⋮ ⋮ ⋮ ⋮

38(j − 1) + 38 v j s38j M
⋮ ⋮ ⋮ ⋮

2699 v72 5 F
2700 v72 3 F
⋮ ⋮ ⋮ ⋮

2736 v72 4 M

2 dhav is given in the supplementary material as the “B-R-P-S-G.
csv” file (42452_2019_983_MOESM2_ESM.csv).
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matrix of the full daset into a 2736 dimensional column 
vector. The notation v j

△
=(Bj , Rj , Pj) (j = 1,… , 72) denotes 

a vector of (B, R, P) corresponding to stimulus j; the val-
ues are given by the column of stimulus j in Table 2; e.g, 
v23 = (1.5, 900, 150) . All the elements in dhav are regarded 
as discrete and non-ordered states (levels).

For parameter learning, bnlearn provides the bn.fit 
function, which supports the maximum likelihood esti-
mation (“mle”) as well as Bayesian estimation (“bayes”). 
The method argument in the bn.fit function determines 
which estimator will be used. The mle method calcu-
lates the estimate as an empirical frequency in the dataset 
(dhav). When the method argument is set to “bayes” with 
an optional argument iss (imaginary sample size), posterior 
probabilities are computed from a uniform prior over each 
CPT; the likelihood function of the multinomial distribu-
tion and its conjugate prior (the Dirichlet distribution) are 
supposed. The output of the bn.fit function becomes an 
object of class bn.fit.

This paper utilizes only “bayes”, though “mle” will be 
employed for a comparison purpose of estimation accu-
racy. We denote the output of the bn.fit function by bn.
bayes here and can produce it by a command:

bn.bayes = bn.fit(dag,   data=dhav,   method=“bayes”, 
iss=10)
where dag is the object to which the function is applied, 
and we set iss = 10. In the current case, bn.bayes is not 
sensitive to the value of iss.

Note that the number of conditions (stimulus+gender) 
in CPT of node S (i.e., the number of configurations of the 
categories of the parents of S) is not 4 × 3 × 6 × 2 = 144 
but 4 × 10 × 6 × 2 = 480 , since we have assumed non-
ordered states, and R takes 10 different values; therefore, 
the conditions include states of (B, R) pairs that are not 
implemented, such as B < R (e.g., B = 1.0 Mb/s and R = 

1125 kb/s). The mle method does not assign probabilities 
to such avoidable states, while the bayes method sets uni-
form probabilities of 1 / 5 to each element.

5.2  Definitions of QoE measures

Before delving into assessing QoE, we define notations 
representing QoE measures for BN modeling as well as BS 
modeling, which will be discussed in the next section.

Table 5 lists the notations. Although their meanings are 
self-explanatory, we give three examples of Q(�,�)

BN.j
 in order 

to make them more understandable. First, Q(57,1∶38)

BN.55
 means 

QoE estimated by a Bayesian Network model for stimulus 
55 when scores of subjects 1 through 38 are not available 
for stimulus 57 (i.e., scores of all the subjects for stimulus 
57 are missing). Similarly, Q(57,1∶38)

BN.57
 means QoE for stimulus 

57 which is predicted by the Bayesian Network model fit-
ted to the dataset where all the scores of stimulus 57 are 
missing. Also, Q(57,1∶19)

BN.57
 represents QoE for stimulus 57 

which is predicted by the Bayesian Network model when 
scores of subjects 1 through 19 are not available for stimu-
lus 57. If we want to express QoE conditional on both 
stimulus and gender, we put a subscript of the stimulus ID 
(say j) followed by the gender mark (say F) like QBN.jF , 
though this is not defined in Table 5 for simplicity.

The counterparts of BS such as Q(�,�)

BS.j
 are interpreted in 

the same way.
We also define a J-dimensional QoE vector to express 

the whole set of QoE as

QBN

△
=(QBN.1,… ,QBN.J) and its subset for stimuli group 

n as

QBN(n)

△
=(QBN.6(n−1)+1,… ,QBN.6n)

Table 5  Definition of notations representing QoE measures

We define a J-dimensional QoE vector whose j-th component is given in the above table;

e.g., QBN

△
=(QBN.1,… ,QBN.J) ,       , Q

(�,�)

BN

△
=(Q

(�,�)

BN.1
,… ,Q

(�,�)

BN.J
),

QBS

△
=(QBS.1,… ,QBS.J) ,       , Q

(�,�)

BS

△
=(Q

(�,�)

BS.1
,… ,Q

(�,�)

BS.J
)

Notation Definition

QBN.j QoE estimated by a Bayesian Network model for stimulus j, using the full dataset (no score is missing)

Q
(�,�)

BN.j
QoE estimated/predicted by a Bayesian Network model for stimulus j when � scores are not available for stimulus � ( � = 1,… , J ; 
� = 1,… ,N ; J = 72 , N = 38 in this paper). The � subjects are specified by their ID’s

QBS.j QoE estimated by a Bayesian Statistical model for stimulus j, using the full dataset (no score is missing)

Q
(�,�)

BS.j
QoE estimated/predicted by a Bayesian Statistical model for stimulus j when � scores are not available for stimulus � ( � = 1,… , J ; 
� = 1,… ,N ). The � subjects are specified by their ID’s

QBSNR.j QoE estimated by a Bayesian Statistical model with No Random effect terms (i.e., without hierarchical priors) for stimulus j, using 
the full dataset

Q
(�,�)

BSNR.j
QoE estimated/predicted by a Bayesian Statistical model with No Random effect terms for stimulus j when � scores are not avail-

able for stimulus � ( � = 1,… , J ; � = 1,… ,N)
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5.3  QoE estimation

Let �j(k)
△
= Pr(S = k|j) denote the probability that S = k , 

conditional on stimulus j; then, QBN.j is calculated as

where K = 5 in this paper. Similarly, QoE conditional on 
both stimulus ID = j and gender G = g is expressed as

where �jg(k)
△
= Pr(S = k|j, g).

The probabilities �j(k) and �jg(k) can be obtained from 
the CPT of node S. Detail of the derivation is described in 
“Appendix 1”.

(2)QBN.j =

K∑

k=1

k ⋅ �j(k)

(3)QBN.jg =

K∑

k=1

k ⋅ �jg(k)

Note that Eqs. (2) and (3) become exactly equal to Mean 
Opinion Score (MOS) when the mle method is employed, 
since the conditional probability is calculated as an empiri-
cal frequency.

Figure  3 displays a barplot of MOS and QBN versus 
stimulus ID;3 we see that the two kinds of the QoE meas-
ures are almost equal. The Pearson correlation coefficient 
(PCC) between the two is 1.0, and the p-value is less than 
2.2 × 10−16 for the null hypothesis that the true correlation 
is equal to 0. The mean square error (MSE) is 7.6605 × 10−7.

In Fig. 3, we also notice that as the stimulus ID increases, 
MOS and QBN rise and fall periodically at intervals of six, 
which comes from the six kinds of the playout buffer-
ing time P in a stimuli group (see Table 2). This is due to a 
tradeoff relationship between fidelity and latency in inter-
active communications [6].Focusing on a single stimuli 
group, we can recognize this feature more clearly as we 
will see later in Figs. 5 and 6.

We also plot QBN.jF and QBN.jM(j = 1,… , 72) in Fig. 4; we 
then find that the female subjects tend to give higher 
scores than the male subjects. The PCC (p-value) and MSE 
between the estimate and MOS calculated separately for 
each gender are 1.0 ( p < 2.2 × 10−16 ) and 5.2085 × 10−7 , 
respectively, for female, and 1.0 ( p < 2.2 × 10−16 ) and 
9.3699 × 10−7 , respectively, for male.

5.4  QoE prediction

This paper supposes two cases in which QBN.j should be 
predicted: (a) the whole scores for stimulus j are missing; 
i.e., the predicted value is Q(j,1∶38)

BN.j
 , and (b) the front 19 

scores out of 38 (i.e., the first half ) are not available for 
stimulus j, i.e., Q(j,1∶19)

BN.j
 . Other cases will also be discussed in 

Sect. 7.2.
Case (a) is a natural and often encountered situation for 

QoE prediction; it is usually the case that the whole scores 
for a stimulus is not observed and that we want to predict 
the average of the scores. On the other hand, Case (b) is 
just a decrease of the sample size, which imposes a weaker 
condition on prediction. In the context of the missing data 
problem [17], Cases (a) and (b) correspond to MNAR (miss-
ing not at random). Recall that MNAR is a more difficult set-
ting than MCAR and MAR, which the k-fold cross-validation 
is based on.

In the BN modeling environment settled in this paper, 
two methods for QoE prediction are available: (1) the 
querygrain function, which is exact inference we utilized 

Fig. 3  MOS and QBN versus stimulus ID
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Fig. 4  QBN.jF and QBN.jM versus stimulus ID = j (j = 1,… , 72)

3 R codes for plotting Figs. 3 and 4 are given in the supplementary 
material as File  3 (42452_2019_983_MOESM3_ESM.pdf) (see the 
README.pdf file (42452_2019_983_MOESM11_ESM.pdf) for the 
definition of the file numbers).
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for QoE estimation in the previous subsection, and (2) 
the predict function in bnlearn, which has alternatives 
of method = “parents” and method = “bayes-lw”. These 
three ways of the prediction usually provide very close 
values to each other. In this paper, we mainly employ the 
predict function with method = “bayes-lw”, which does 
approximate inference, for the sake of consistency with 
later discussions on cross-validation, where brief com-
parison with prediction by the querygrain will be made.

The usage of the predict function is as follows:
predict(object,  node,  data,  method = “bayes-lw”,  prob 

= TRUE)
where the argument object is an object of class bn.fit, 
node is the label of the target node (node = “S” in the 
current case), data is a data frame containing the data 
to be predicted, i.e., a test set (complete observation will 
be ignored), method instructs that the predicted values 
are computed by averaging likelihood weighting simula-
tions [13, 14] performed using all the available nodes as 

evidence, and prob is a boolean value; if prob = TRUE 
and object is a discrete network, the probabilities used 
for prediction are attached to the predicted values as an 
attribute called prob [29].

The predict function returns a data frame with the 
same structure as data. It should be noted that it returns 
the predicted values, which we denote by predicted here, 
each with the highest conditional probability. More pre-
cisely in the current case, it returns a single score value 
(from among five possible values “1” through “5”) for 
each variable being predicted and ignores score values 
with lower probabilities; e.g., predicted = “5”, which 
has a probability of 0.35, while “1” with 0.0436, “2” with 
0.2601, “3” with 0.1729 and “4” with 0.1734 are ignored. 
Consequently, we cannot calculate the predicted value 
of QoE (the average of scores) with the returned value 
by itself; for the calculation of the QoE measure, we have 
to extract the probabilities of scores as an attribute by a 
command attributes(predicted)$prob.

Fig. 5  QoE BN-prediction of 
stimulus 23 in stimuli group 4

Fig. 6  QoE BN-prediction of 
stimulus 57 in stimuli group 10



Vol:.(1234567890)

Research Article SN Applied Sciences (2019) 1:975 | https://doi.org/10.1007/s42452-019-0983-5

We now exteriorize the way of predicting Q(j,1∶m)

BN.j
 where 

m = 19 or 38.
As shown in “Appendix 2”, Q(j,1∶m)

BN.j
 is calculated as

where �(j,1∶m)

i.j
(k) is defined as the predicted probability 

that S = k for stimulus j by subject i ( i = 1,… ,m)
We can evaluate Q(j,1∶m)

BN.n
 ( n ≠ j ) by using bn.bayes.j, 

which is defined in “Appendix 2”, in the same way as that 
of QoE estimation.

In the following numerical examples, we pick up stimu-
lus ID’s of 23 and 57. This selection is arbitrary and has no 
special meaning. Other stimuli can be treated in the same 
way by referring to R codes in the supplementary mate-
rial (File 4 (42452_2019_983_MOESM4_ESM.pdf ) for the 
left panels of Figs. 5 and 6, and File 5 (42452_2019_983_
MOESM5_ESM.pdf) for the right panels of the two figures).

5.4.1  Case (a) for stimulus 23

This is a problem of predicting the QoE measure for stimu-
lus 23 when all the subjects’ scores for the stimulus are not 
available: Q(23,1∶38)

BN.23
.

The left panel of Fig. 5 plots Q(23,1∶38)

BN(4)
 , which contains 

Q
(23,1∶38)

BN.23
 as a member of the stimuli group 4, along with 

QBN(4) for a comparison purpose. We find that the predic-
tive accuracy is low. This is because �(23,1∶38)

i.23
(k) has been 

predicted to be uniform over K = 5 , namely, a probability 
around 0.2, which produces an average score of about 3.0 
for all subjects.

Also, note that there exists the optimum value of P in 
the sense that it maximizes QoE; P = 100 ms in Fig. 5. This 
is a feature of interactive communications.

5.4.2  Case (b) for stimulus 23

We can improve the predictive accuracy if we increase the 
sample size for stimulus 23 from zero to 19. The right panel 
of Fig. 5 plots Q(23,1∶19)

BN(4)
 , to which Q(23,1∶19)

BN.23
 belongs. We can 

confirm the improvement in the predictive accuracy.

(4)Q
(j,1∶m)

BN.j
=

m∑

i=1

5∑

k=1

k ⋅ �
(j,1∶m)

i.j
(k)∕m

5.4.3  Cases (a) and (b) for stimulus 57

Q
(57,1∶38)

BN.57
 and Q(57,1∶19)

BN.57
 are displayed in Fig. 6, which demon-

strates the same property as that of stimulus 23.
From the examples above, we see that the BN model 

requires some nonzero number of observations for good 
prediction; otherwise, the prediction is bad (always about 
3.0).

5.5  Custom folds cross‑validation

We next extend the discussions in Cases (a) and (b) in the 
previous subsection by means of custom folds cross-valida-
tion [29], where the data are manually partitioned by the 
user into subsets, which are then used as in k-fold cross-
validation. Case (a) corresponds to a subset size of 38, 
which means k = 2736∕38 = 72 folds. Similarly, Case (b) 
has a size of 19 and therefore k = 144.

For cross-validation, bnlearn provides the bn.cv func-
tion, which can perform the Bayesian custom-folds cross-
validation by setting method = “custom-folds”, fit =“bayes” 
and loss = “pred-lw”.

The bn.cv function makes prediction of scores in each 
test subset by utilizing the model fitted to the remaining 
subsets which collectively constitute the training set: 71 
subsets in Case (a) and 143 ones in Case (b). It then returns 
the Posterior Classification Error (PCError) of scores by com-
paring predicted scores and the corresponding observed 
ones.

We have carried out the two kinds of custom folds 
cross-validation: subset sizes of 38 and 19.4 The splits were 
performed in units of a stimulus or half a stimulus. Table 6 
shows the Pearson correlation coefficient (PCC) along with 
the p-value and the mean square error (MSE) between pre-
dicted QoE values and estimated QoE values (i.e., without 
missing scores) in addition to the Posterior Classification 
Error (PCError) returned by the bn.cv function. Note that 
the classification error is a criterion for individual scores, 

Table 6  Custom-folds 
cross-validation: posterior 
classification error (PCError), 
Pearson correlation coefficient 
(PCC) along with the p-value 
and mean square error (MSE)

Subset size (unit of split) PCError PCC (p-value) MSE

38 (a stimulus) 0.79569 “predict” 0.14633 ( p = 0.22) 0.44537
“querygrain” Not applicable 0.44572

19 (1 / 2 stimulus) 0.70249 “predict” 0.95632 ( p < 2.2 × 10−16) 0.01588

“querygrain’ 0.95663 ( p < 2.2 × 10−16) 0.01579

38 (72-fold c.v.) (random 
split of scores)

0.71294 “predict” 0.87497 0.05456
“querygrain” 0.99874 0.000444

4 The R codes for these two kinds of custom folds are given in 
the supplementary material as Files 4 and 5 (42452_2019_983_
MOESM4_ESM.pdf, and 42452_2019_983_MOESM5_ESM.pdf).
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while the PCC and MSE are the ones for the average of 
scores (i.e., QoE).

As PCC and MSE, Table 6 presents two kinds of the val-
ues for each subset size: “predict” and “querygrain”. The 
former means prediction by the predict function with 
method = “bayes-lw” , which we have utilized so far in this 
paper; the latter is the one by the querygrain function.

The number of predicted QoE values in the case of 
subset size 38 is 72, each of which has been evaluated for 
each fold. On the other hand, the number of prediction for 
the subset size of 19 is 144; therefore, in order to ensure 
one-to-one correspondence between predicted QoE and 
estimated QoE (namely, QoE estimation without missing 
scores), we used the estimated QoE values twice in the 
calculation of PCC and MSE.

In Table 6, we first find that although both subset sizes 
produce large classification errors, the size of 19 achieves 
good correlation coefficients of about 0.956 in stark con-
trast to the PCC’s for size 38: 0.14633 by “predict” and Not 
Applicable by “querygrain”. The result of “querygrain” comes 
from the zero standard deviations since its predicted val-
ues are always 3.0. Furthermore, the PCC value of 0.14633 
by “predict” is not statistically significant at a significance 
level of 0.05 (i.e, the null hypothesis that the true correla-
tion is equal to 0 is not rejected), whereas the one for size 
19 is significant at a significance level of 0.05. The observa-
tion above is consistent with Figs. 5 and 6.

Furthermore, we have examined 72-fold cross-valida-
tion5 in which the data are randomly split into 72 subsets 
(of size 38 each) in units of scores; this implies that the miss-
ing data number scatters over 2736 rows of dhav in Table 4.

The bottom row of Table 6 demonstrates the result of 
the 72-fold cross validation. The predicted QoE value of 
a stimulus for “predict” has been calculated in a similar 
way to that in Sect. 5.4 if the stimulus belongs to the test 
subset; otherwise, we evaluated it by utilizing conditional 
probabilities obtained by the querygrain function applied 
to the training set consisting of the remaining 71 subsets. 
We have thus collected 72 predicted QoE values in total. 
In the case of “querygrain”, all the p™redicted QoE values 
have been derived by the querygrain function regardless 
of the stimulus affiliations with the test subset. The pro-
cess was repeated ten times. The result is the average over 
them.

As expected, the 72-fold cross validation realizes high 
correlation coefficients of 0.87497 for “predict” and 0.99874 
for “querygrain” in spite of a large PCError of 0.71294; this 
is due to the MCAR property.

Note that the bn.cv function does not work well for 
checking the accuracy of predicted QoE values because 

it returns only a single score value with the highest prob-
ability, while ignoring the other scores, as already men-
tioned. Scores given by the same subject even under a 
constant condition usually fluctuate and therefore com-
parison between observed and predicted score values has 
no intrinsic meaning. We have noticed that k-fold cross-
validation (i.e., randomly split), which is often used for 
checking predictive accuracy in BN modeling, is a slack 
condition for QoE prediction.

6  Bayesian statistical modeling

We now turn our attention to Bayesian Statistical (BS) mod-
eling. In this section, we build an ordinal regression model 
having the mean of a continuous latent variable underlying 
S as the response variable and B, R, P and G as explanatory 
variables (covariates). The key here is that although the 
ordinal data of scores are discrete by nature, we represent 
them as indicators of a continuous variable underlying the 
scores. The QoE measure for stimulus j is expressed such 
as QBS.j as already defined in Table 5.

We could formulate other BS models, especially ones 
without resort to a latent continuous variable, in the cur-
rent case. However, we have decided to adopt the above 
model since it can effectively utilize the information on 
the subjects’ individualities in the given dataset SF . If we 
used SF only as a score frequency table by aggregating 
scores in a stimulus (i.e., counting the frequency of each 
score in a stimulus), which produces five rows without the 
“G” column instead of 38 rows per stimulus in Table 4, the 
information on the subjects’ individualities would be lost; 
this incurs degradation of QoE estimation accuracy.

6.1  BS model

The model is built in a similar way to the one proposed 
in [6]. Let sij denote the random variable represent-
ing score S for stimulus j by subject i with probability 

�ij(k)
△
= Pr(sij = k|i, j) ( i = 1,… ,N;j = 1,… , J;k = 1,… , K  ; 

N = 38, J = 72, K = 5 ). We then assume that it has a cat-
egorical distribution:

This implies that sij takes one of K mutually exclusive out-
comes 1,… , K  with probabilities �ij(1),… ,�ij(K ) , respec-
tively, where �ij(1) +⋯ + �ij(K ) = 1.

The data si1,… , siJ are supposed to be independent out-
comes on an ordinal scale 1, 2,… , K  . Even if subject i selects 
the same score k (say) for two different stimuli j1 and j2 (i.e., 
sij1 = sij2 = k ), he/she can have slightly different satisfaction 
with the experience between the two stimuli because of 

(5)sij ∼ Categorical (�ij(1),… ,�ij(K ))

5 The R code is presented as File  6 (42452_2019_983_MOESM6_
ESM.pdf) in the supplementary material.
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many reasons (e.g., his/her mental and physical conditions at 
the measurement time). This is also true when two subjects 
i1 and i2 select the same score k owing to their individualities. 
This suggests that the same score does not imply an exactly 
equal satisfaction but it has some fluctuations. Therefore, 
it is reasonable to consider that scores 1, 2,… , K  indicate K 
categories of satisfaction each of which has an interval with 
some probability distribution.

We can incorporate the above observation into the 
model by introducing a continuous latent variable z∗

ij
 under-

lying S, which can take any real value. Then, the K catego-
ries for z∗

ij
 are regarded as K intervals [�j0, �j1], (�j1, �j2],… , 

(�j,K−1, �jK ] , where �j0 = −∞ and �jK = ∞ . The k-th cut point 
for stimulus j, �jk , is a random variable with the constraint 
of the ordinal relations specified above. Thus, sij is set to k 
if 𝜅j,k−1 < z∗

ij
≤ 𝜅jk ; k = 1,… , K .

Furthermore, we suppose that z∗
ij
 follows a logistic distri-

bution with mean �ij and the residual error �ij with zero 
mean (i.e., z∗

ij
= �ij + �ij ). Then, the probability distribution 

function of �ij is expressed as F(�ij) = logistic (�ij) =

1∕{1 + exp(−�ij)} . We thus have

where pij(k) is the cumulative probability of sij being k or lower 

such that pij(k)
△
= Pr(sij ≤ k|i, j) k = 1,… , K − 1 and pij(K ) = 1.

The probability �ij(k) is given as �ij(1) = pij(1) and 
�ij(k) = pij(k) − pij(k − 1) for k = 2,… , K .

We next regress �ij on B, R, P and G in order to reflect the 
effects of these covariates on �ij . We perform standardization 
of covariates B, R and P, i.e., each covariate minus its own mean 
and divided by its own standard deviation [16], in order to sup-
press the variation in the magnitude among the covariates.

Letting mean(X) denote the empirical mean of covariate 
X and sd(X) the unbiased standard deviation (square root of 
unbiased variance) of X, we assume

where Bj , Rj and Pj are the values of B, R and P, respectively, 
for stimulus j, Gi is the gender of subject i (1 for female 
and 2 for male), and { b1, b2, b3, b4, b5 } are regression coef-
ficients, ui expresses a random effect due to subject i, and 
vG(i) a random effect of subject i at the gender-level.

As in [6], this paper takes noninformative priors of 
the normal distribution with zero mean: bn ∼ N (0, 102) 

(6)pij(k) = 1∕{1 + exp(�ij − �jk)}; k = 1,… , K − 1

(7)

�ij =b1 ⋅ (Bj −mean(B))∕sd(B)

+ b2 ⋅ (Rj −mean(R))∕sd(R)

+ b3 ⋅ (Pj −mean(P))∕sd(P)

+ b4 ⋅ Gi ⋅ (Bj −mean(B))∕sd(B)

+ b5 ⋅ Gi ⋅ (Pj −mean(P))∕sd(P)

+ ui + vG(i)

(the variance = 102 , n = 1,… , 5 ), ui ∼ N (0, s2
1
) and 

s1 ∼ Uniform (0, 104) , which is a hierarchical prior. We 
further specify vG(i) ∼ N (0, s2

2
) and s2 ∼ Uniform (0, 104) . 

Priors of the cut points are set as in [6]: �j1 ∼ N (0, 1) , 
�jk = �j,k−1 + �jk  ,  a n d  �jk ∼ Exponential (1)  f o r 
k = 2,… , K − 1 , where the mean is 1. Note that this set-
ting assures the cut points satisfying the ordinal relations.

In order to estimate the joint posterior probability den-
sity of (�j1, �j2, �j3, �j4) and ( b1, b2, b3, b4, b5 ) for given i and j, 
we fit Eqs. (5)–(7) to the full dataset SF . We can then obtain 
its marginal posterior probability density of each param-
eter, which provides estimates of {pij(k)} and {�ij(k)} ; thus, 
we get QBS.j as

6.2  QoE estimation

We carried out Markov chain Monte Carlo (MCMC) simula-
tion of the BS model by the software OpenBUGS [17, 31]. 
Setting thinning to 5, we run three chains for a 21,000-iter-
ation period following a 1000-iteration burn-in and con-
firmed convergence of the simulations (the Brooks–Gel-
man–Rubin (BGR) diagnostic R̂ is very close to 1). The DIC 
(Deviance Information Criterion) is 6953.0, and the effective 
number of parameters pD is 285.8.

In addition, we performed MCMC simulation of a Bayes-
ian model without the interaction terms in Eq. (7) (i.e., 
b4 = 0 , b5 = 0 ) and found DIC = 6978.0, which is larger 
than 6953.0; therefore, the model with the interaction 
terms is better.

Figure 7 shows a barplot of QBS and QBN versus stimulus 
ID. We see that the BS model provides QoE estimates very 
close to those by the BN model; the Pearson correlation 
coefficient between the two is 0.995763, and the p-value 

(8)QBS.j =

N∑

i=1

K∑

k=1

k ⋅ �ij(k)∕N

Fig. 7  QBS and QBN versus stimulus ID
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is less than 2.2 × 10−16 for the null hypothesis that the true 
correlation is equal to 0.

6.3  QoE prediction

In MCMC simulation of BS models, the prediction of score is 
easily made by forming a fitting dataset (i.e., the training set), 
which is obtained by replacing the values to be predicted 
with “NA” in the full dataset SF [6]. We can make the predic-
tion just by fitting the BS model of Eqs. (5)–(7) to the fitting 
dataset. As an example, the OpenBUGS code for evaluating 
Q

(57,1∶38)

BS.57
 is given as File 7 (42452_2019_983_MOESM7_ESM.

pdf) in the supplementary material.
In this way, we evaluated Q(23,1∶38)

BS.23
 and Q(57,1∶38)

BS.57
 . Figure 8 

illustrates the predicted values with the 95% credible intervals 
along with the estimated QoE values for stimuli groups 4 and 
10. Comparing this figure with the left panels of Figs. 5 and 6, 
we notice that the BS model provides better prediction than 
the BN model under the condition of the 38 missing scores. 

Recall that the BN model always provides about 3.0 as the 
predicted QoE value for a stimulus with 38 missing scores.

Now let us consider how we have achieved such bet-
ter prediction with the BS model. Comparing the BN and 
BS models, we easily notice that a salient difference is the 
random effect terms ui and vG(i) in Eq. (7). Removing these 
terms from Eq. (7), we can confirm the effectiveness of the 
terms in prediction; we will see this in the next subsection.

6.4  BS model without random effect terms: BSNR

We modify the regression equation of �ij by removing ui 
and vG(i) in Eq. (7). For this BSNR model, the DIC under the 
same simulation condition as that in Sect. 6.2 is 8373.0, 
which is much larger than 6953.0. We can make estimation 
and prediction of the QoE measure QBSNR.j in the same way 
as that in the previous subsection.

Figure 9 plots Q(57,1∶38)

BSNR.57
 and Q(57,1∶19)

BSNR.57
 as parts of Q(57,1∶38)

BSNR(10)
 

and Q(57,1∶19)

BSNR(10)
 , respectively. As in the BN model, no observa-

Fig. 8  QoE BS-prediction of 
stimuli 23 and 57 for 38 miss-
ing scores

Fig. 9  QoE BS-prediction with 
No Random effect terms for 
stimulus 57

(a) (b)



Vol:.(1234567890)

Research Article SN Applied Sciences (2019) 1:975 | https://doi.org/10.1007/s42452-019-0983-5

tion of score at all for the stimulus largely degrades the 
prediction, while the increase of the observation size for 
the prediction from 0 to 19 (the decrease of the missing 
data from 38 to 19) has improved the predictive accuracy. 
This change from the BS model is clearly due to the lack of 
the random effect terms. This inadequacy of the model 
appears in the DIC value.

7  Comparison of BN and BS models

7.1  QoE estimation and prediction

We now compare the BN, BS and BSNR models in terms of 
estimation and prediction accuracy.6

We first plot MOS and QoE values with no missing score 
estimated by the BN, BS and BSNR models as a function of 

the stimulus ID in Fig. 10. As expected, we observe that 
MOS and QoE values by BN and BS are very close to each 
other, while QoE values by BSNR are slightly lower than the 
others. Table 7 presents the Pearson correlation coefficient 
(PCC) along with the p-value and mean square error (MSE) 
between MOS and the estimate; this supports the observa-
tions mentioned above.

In addition, we have performed a Wilcoxon signed rank 
test [34] between MOS and BSNR under the null hypothesis 
that the median of the difference (MOS minus the BSNR’s 
QoE) equals zero, using R’s wilcox.exact with paired = TRUE. 
We then found that the p-value is 1.659 × 10−13 (the alter-
native hypothesis is two-sided); thus, the null hypothesis 
is rejected. The value of the test statistic (denoted as V) 

Fig. 10  MOS and estimated QoE values with no missing score: BN, 
BS and BSNR models

Table 7  Pearson correlation coefficient (PCC) and mean square 
error (MSE) between MOS and estimates by BN, BS, and BSNR mod-
els

Pairs compared PCC (p-value) MSE

MOS versus BN 1.0 ( p < 2.2 × 10−16) 7.660 × 10−7

MOS versus BS 0.9957622 ( p < 2.2 × 10−16) 0.003407

MOS versus BSNR 0.9990471 ( p < 2.2 × 10−16) 0.028088

BN versus BS 0.995763 ( p < 2.2 × 10−16) 0.003385

Fig. 11  MOS and predicted QoE values with 38 missing scores for 
each stimulus: BN, BS and BSNR models

Fig. 12  MOS and predicted QoE values with 19 missing scores for 
each stimulus: BN, BS and BSNR models

6 File  8 (42452_2019_983_MOESM8_ESM.csv) in the supplemen-
tary material is a csv file that summarizes QoE values for the com-
parison; this is used for plotting Figs. 10, 11 and 12 by the R code of 
File 10 (42452_2019_983_MOESM10_ESM.pdf).
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is 2628, which is equal to the sum of 1 through 72; this 
means that the MOS is larger than the BSNR’s QoE value 
for all the stimuli.

The p-value by the Wilcoxon signed rank test between 
MOS and BS is calculated to be 0.9262 (therefore, zero 
median of the difference), while the one between MOS 
and BN is 2.742 × 10−13 . The MOS is slightly larger than the 
BN estimate for many stimuli; the value of the test statistic 
is 2616.

We next compare MOS and QoE predicted by BN, BS 
and BSNR. In the comparison, we were faced with a diffi-
culty: a large amount of computational time of the BS and 
BSNR models because of MCMC simulation. For instance, 
it took about 9 h 16 min to get a set of 72 predictions of 
the Q(j,1∶38)

BS.j
 and Q(j,1∶38)

BS.n
(n ≠ j) by a PC with an Intel 

Core i7-4770 CPU at 3.40 GHz and a 32 GB main memory.7 
Therefore, we did not compare all the stimuli (i.e., the 72 
stimuli) but picked up a stimulus from each stimuli-group, 
i.e., 12 stimuli (samples) in total, so that each value of the 
playout buffering time P is selected twice in the samples; 
the ID’s of the stimuli thus picked up are 1, 8, 16, 23, 27, 36, 
38, 43, 53, 57, 66 and 70.

Figure 11 displays MOS and the three kinds of QoE pre-
diction in the case of 38 missing scores (i.e., when the 
whole scores for a stimulus are missing). Note that 
although Q(j,1∶38)

BS.j
 varies according to stimulus ID as in MOS, 

Q
(j,1∶38)

BN.j
 is always very close to 3.0 for all the stimuli; this 

implies that the BN model does not make QoE prediction 
for a stimulus when no score for the stimulus is available 
at all.

The case of 19 missing scores is demonstrated in Fig. 12, 
where we notice that Q(j,1∶19)

BN.j
 and Q(j,1∶19)

BS.j
 can provide good 

predictions close to MOS.
In order to examine accuracy of the predictions in 

Figs.  11 and 12 quantitatively, we have calculated the PCC 

and MSE between MOS and prediction, which are shown in 
Table 8, where “.NA38” attached to a model name like “BS.
NA38” means that 38 scores are missing for each stimulus in 
the model; “.NA19” has the implication of 19 missing scores.

In Table 8, we first notice that the PCC between MOS 
and BN.NA38 is very small and that the null hypothesis 
(the true correlation is zero) cannot be rejected at a signifi-
cance level of 0.05. We also see that in the case of 38 miss-
ing scores, BS.NA38 is the best predictor among the three 
(BN, BS and BSNR) since its MSE is the smallest, though 
its PCC is slightly smaller than that of BSNR. Also, the PCC 
of BS.NA38 is statistically significant; the null hypoth-
esis is rejected at a significance level of 0.05 because of 
p = 0.04918.

In the case of 19 missing scores, on the other hand, all 
the three models provide high correlation with MOS. In 
particular, the BN and BS models achieve much smaller 
values of MSE than BSNR; therefore, the two models can 
be regarded as comparable. In order to confirm this find-
ing, we performed a Wilcoxon signed rank test between 
BN.NA19 and BS.NA19 under the null hypothesis that the 
distributions of the two kinds of predicted values differ by 
a location shift of zero. As a result, we obtained p = 0.3013 ; 
therefore, the median of the difference can be regarded as 
zero (i.e., the null hypothesis cannot be rejected).

7.2  Effect of the number of missing scores

So far, we have studied only two cases of missing scores: 
the whole scores of a stimulus (namely, 38) and the first 
half (19). We now examine the effect of the number of 
missing scores on the prediction in more detail, which 
is illustrated in Fig. 13 by utilizing the R code of File 10 
(42452_2019_983_MOESM10_ESM.pdf ) with the dataset 
of File 9 (42452_2019_983_MOESM9_ESM.csv) in the sup-
plementary material.

The left panel of Fig. 13 illustrates Q(23,1∶m)

BN.23
 and Q(23,1∶m)

BS.23
 

versus the number of missing scores m (scores from sub-
jects 1 through m) for stimulus 23. For a comparison pur-
pose, we also plot MOS for stimulus 23, which is equal to 
3.6316. We then notice that the BS provides better approxi-
mations to MOS than the BN. In fact, the MSE between 
Q
(23,1∶m)

BS.23
 and MOS is calculated to be 0.06153, while the one 

between Q(23,1∶m)

BN.23
 and MOS is 0.1892. Furthermore, we find 

that Q(23,1∶m)

BN.23
 becomes much lower than MOS for m being 

31 or larger, in which case scores only by male are available 
(see Table 3), and male QoE values are generally lower than 
the female ones (a sort of selection bias) as already seen in 
Fig. 4. This decrease in QoE values does not occur in the BS 
model owing to the random effect terms.

The case of stimulus 57 (MOS = 4.2632) is shown in the 
right panel of Fig. 13, where we see a very similar result 

Table 8  Pearson correlation coefficient (PCC) and mean square 
error (MSE) of 12 predictions by BN, BS and BSNR models (stimulus 
ID = 1, 8, 16, 23, 27, 36, 38, 43, 53, 57, 66, 70)

Pairs compared PCC (p-value) MSE

MOS versus BN.NA38 − 0.05919 ( p = 0.6214) 0.4471
MOS versus BS.NA38 0.5777 ( p = 0.04918) 0.3453
MOS versus BSNR.NA38 0.6233 ( p = 0.03036) 2.2356
MOS versus BN.NA19 0.9641 ( p < 2.2 × 10−16) 0.01578

MOS versus BS.NA19 0.9756 ( p = 6.48 × 10−8) 0.01784

MOS versus BSNR.NA19 0.9809 ( p = 1.922 × 10−8) 0.08261

BN.NA19 versus BS.NA19 0.9854 ( p = 5.14 × 10−9) 0.009456

7 The corresponding time by the BN model is less than 30 s.
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to that of stimulus 23. The MSE is 0.4261 between BN and 
MOS , and 0.02980 between BS and MOS.

7.3  Considerations on comparison results

We have thus found that the BS model with the random 
effect terms is superior in predictive capability to the BN 
model as well as the BS model without the terms. The pre-
dictive power of the hierarchical model (the BS model with 
the random effect terms) comes from borrowing of strength 
across stimuli [16, 17]. This suggests that the incorporation 
of the random effects into the BN model can improve its 
predictive ability; this is left as future work.

Furthermore, it is fair and necessary to emphasize the 
main disadvantage of the BS model in this paper: a large 
amount of computational time compared with the BN 
model. The BN model has utilized a closed form posterior 
distribution with the multimonial likelihood and its conju-
gate prior (Dirichlet), which largely alleviates the computa-
tional burden. On the other hand, the BS model employed 
nonconjugate priors and MCMC simulations of full condi-
tional distributions, which spend much time. Also, as the 
probability prediction algorithm, the BN model resorted 
to likelihood weighting, which works very fast compared 
with MCMC. The difference in computational time is not 
necessarily due to the difference in principle between BN 
and BS models but has stemmed from the two ways of 
computing the posterior distributions.

It is rather difficult to draw a clear-cut solution to the 
usage problem of the BN and BS methods only from the 
results found so far in this paper. As far as the BN and BS 
models built in this paper are concerned, it is a good idea 
to employ the BN model when we want only estimates of 
QoE because of short computational time; if we desire to 
predict QoE, the BS model with the random effect terms 
is indispensable.

It should be emphasized again that the BN and BS 
models built here are just simple examples because of 
a first trial on comparative study of the two Bayesian 
approaches. More elaborate models could be constructed, 
especially for BN. For example, hybrid Bayesian networks, 
which accommodate both discrete and continuous vari-
ables, can be handled with the use of MCMC (e.g., by JAGS) 
[14]; in this case, the difference between BN and BS is not 
clear.

8  Conclusions

We built a discrete Bayesian Network (BN) model and 
Bayesian Statistical (BS) regression models with/without 
random effect terms due to subjects. The BN and BS mod-
els were analyzed by an R package bnlearn and an MCMC 
software OpenBUGS, respectively. We compared the three 
models from a viewpoint of QoE estimation and predic-
tion. As a result, we first found that the three models are 
comparable with respect to estimation accuracy. Regard-
ing the QoE prediction ability, however, we noticed that 
the BS model with the random effect terms, which is a hier-
archical model, is the best, while the other two models 
provide poor accuracy, when scores for a stimulus to be 
predicted are not available at all. When some scores for 
the stimulus are made available, the predictive accuracy 
of the two models improves.

The predictive accuracy is deeply concerned with the 
missing data problem, which presents difficult issues to 
be solved [15, 17]. We should treat this problem for QoE 
prediction in realistic and useful settings such as MNAR.

Since this paper presented a first-step trial on BN and 
BS model comparison as a case study, many issues are left 
unsolved. Future work includes leave-one-out full cross-val-
idation of the BS models.

Fig. 13  Effect of the number of 
missing scores (from subjects 
1 through m) on predicted 
QoE for stimuli 23 (left) and 57 
(right)
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Appendix 1: Derivation of �j(k) and �jg(k)

We can do it in a systematic way by exerting the querygrain 
function on node S of a junction tree into which the DAG 
(dag) is transformed. Utilizing package gRain [35], we can 
build the junction tree by the as.grain function and com-
pute its probability tables by the compile function. The 
condition of interest is specified by the setEvidence func-
tion with arguments nodes and states [14]; e.g., nodes 
= c(“B”,“R”,“P”) and states = “ v j ” for evaluation of �j(k) , and 
nodes = c(“B”,“R”,“P”,“G”) and states = c(“v j”,“F”) for evaluation 
of �jF(k) . We can get the conditional probabilities �j(k) and 
�jF(k) by applying the querygrain function to the junction 
tree whose nodes and states have been specified as evi-
dence. Defining a column vector � j

△
=(�j(1),… ,�j(K ))

T and 
a J × K  matrix �

△
=(�1,… ,�J)

T , we can compute � as
jCGTbayes  < −  setEvidence(compile(as.grain(bn.bayes)),  

nodes=c(“B”,“R”,“P”),  states=c(Bj,Rj,Pj))
�  < −  querygrain(jCGTbayes,  node = “S”)$S

Appendix 2: Derivation of Q(j,1∶m)

BN.j

Defining mb = (j − 1) × 38 + 1 and me = (j − 1) × 38 +m , 
which are the beginning number of missing data and end-
ing one, respectively (see Table 4), we first make two data 
frames in R format:

dhav.training.j =dhav[−mb ∶ −me, ]

dhav.test.j =dhav[mb ∶ me, ]

The former is the training set for model fitting and is 
obtained by deleting the mb-th through me-th rows, which 
contain v j , from dhav given by Table 4. The latter is the test 
set for the prediction, which is the part of dhav left by the 
former; it is a data frame consisting of the mb-th through 
me-th rows of dhav. We then fit the model dag to dhav.
training.j and predict the scores for stimulus j using dhav.
test.j by the following two commands:

bn.bayes.j = bn.fit(dag,  data = dhav.training.j,  method 
= “bayes”, iss = 10),

predicted.bayes.j = predict(bn.bayes.j,  node = “S”, data = 
dhav.test.j,   method = “bayes-lw”,  n = 10000,  prob = TRUE) 
where the argument n is the number of random samples. 
Note that the predict function ignores the values of node 
S in dhav.test.j, which are to be predicted; we may replace 
the values with any factors (say, all “100”).

Let �(j,1∶m)

i.j
(k) denote the predicted probability that 

S = k for stimulus j by subject i ( i = 1,… ,m ) and define a 
5-dimensional column vector

and a  5 ×m matr ix  �(j,1∶m)△=(�
(j,1∶m)

1.j
,… ,�

(j,1∶m)

m.j
) ,  

which is obtained by
�(j,1∶m)  < −   attributes(predicted.bayes.j)$prob.
We can calculate Q(j,1∶m)

BN.j
 by using �(j,1∶m) in Eq. (4).
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