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ABSTRACT
Adaptive video streaming is perpetually influenced by unpredictable network conditions, which
causes playback interruptions like stalling, rebuffering and video bit rate fluctuations. This
leads to potential degradation of end-user Quality of Experience (QoE) and may make user
churn from the service. Video QoE modelling that precisely predicts the end users QoE under
these unstable conditions is taken into consideration quickly. The root cause analysis for these
degradations is required for the service provider. These sudden changes in trend are not visible
from monitoring the data from the underlying network service. Thus, this is challenging to
know this change and model the instantaneous QoE. For this modelling continuous time, QoE
ratings are taken into consideration rather than the overall end QoE rating per video. To reduce
the user risk of churning the network providers should give the best quality to the users.
In this thesis, we proposed the QoE modelling to analyze the user reactions change over time
using machine learning models. The machine learning models are used to predict the QoE
ratings and change patterns in ratings. We test the model on video Quality dataset available
publicly which contains the user subjective QoE ratings for the network distortions. M5P model
tree algorithm is used for the prediction of user ratings over time. M5P model gives the
mathematical equations and leads to more insights by given equations. Results of the algorithm
show that model tree is a good approach for the prediction of the continuous QoE and to detect
change points of ratings. It is shown that to which extent these algorithms are used to estimate
changes. The analysis of model provides valuable insights by analyzing exponential transitions
between different level of predicted ratings. The outcome provided by the analysis explains the
user behavior when the quality decreases the user ratings decrease faster than the increase in
quality with time. The earlier work on the exponential transitions of instantaneous QoE over
time is supported by the model tree to the user reaction to sudden changes such as video freezes.
Keywords: QoE, Root cause analysis, user reactions over time, M5P Algorithm, Machine

learning model, continuous video QoE, model trees.
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1

INTRODUCTION

The Quality of Experience (QoE) is defined as the “Degree of delight or Annoyance” of the
user. The HTTP Adaptive Streaming (HAS) is used in video delivery service through the web.
HAS dynamically adapted to the network conditions and avoids stalling events. The stalling
events decrease the QoE of the user. To improve the QoE the playback interruption should be
avoided. In general, the playback video is delivery to the end user and it is first buffered at the
user when the video is played [1]. Due to network throughput fluctuations, the video tends to
buffer. This is because the throughput is below the data rate of the playback video transmitted.
Then the video quality is reduced when played. In HAS the video is encoded into multiple
segments of different bitrate [2]. When the video is delivered to the user then according to the
throughput the video bit rate is synced at the receiver. When the network condition changed
then the new chunks of data are transferred according to the available throughput. This process
reduces the number of stalling events and this dynamically adaptive process improve the
Quality of Experience (QoE) [3].
Although the HAS improves the QoE by the adaptive nature of the video buffering in some
worse conditions the user may feel frustrated due to the low-quality adaption due to the worse
network conditions [4]. This condition decreases the QoE of the user. The user can use to choose
the quality desired for him or her. Then there is a chance that the stalling increases and the user
may feel frustrated and quite due to the long stalling events [5].
HTTP adaptive streaming protocols have different compression levels hence the video quality
varies during playback time. Thus, the continuous time score is needed to model the fast and
accurate QoE predictor. This results in the automatic prediction of the instantaneous quality
scores which increase the performance of the HTTP algorithms. The continuous time QoE score
of stalling events which effects User QoE are studied. This database is publicly available which
contains the videos and the user QoE scores [6], [7]. The temporal effects of subjective QoE
under conditions like network, buffer and low bitrate are studied under continuous time. The
database consists the information of the distorted videos and the subjective scores. This study
contains both the continuous time and retrospective data to obtain information of factors
affecting the QoE which are network conditions encoded bitrate and spatiotemporal video
complexities of videos [8]. An objective, non-reference time-varying QoE (TV-QoE) is
developed for processing streaming videos affected by stalling and quality variations. The
continuous-time video QoE predictor that capture the various QoE influence factors and
predicts the instantaneous QoE is studied [9]. The modelling and prediction of the user QoE
over time should be studied more and the accuracy of the models are to be investigated. There
are various QoE models predicting QoE in HAS [10]–[12].
The QoE models that formalize the impact of Quality of service (QoS) parameters on QoE are
required to develop to get more insights into these instantaneous changes. QoS-QoE regression
plays a major role in this formalization. Thus, there is a challenge in these modelling of
instantaneous changes where QoE changes due to underlying conditions. For example, user
ratings are decreasing due to the video freezes and rise again when the playback recovers to
normal [13], [9], [14], [6]. This change of the ratings varying under these conditions can be
formalized QoE-QoS regression. The stalls are part of underlying information in the traces
found in the [6]. In real life observations, what causes these changes are challenging to find.
The [6], [9] mentioned that these continuous time modelling are not gaining attention in the
literature [7], [8].
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These changes are more in the Adaptive streaming like YouTube where quality varies a lot [1]–
[3], [5]. The [15] explains the QoE reactions to the QoS transitions over time between different
levels using the first order system behavior, these show the QoE application to QoS following
the change. The [13] [9] uses this information for QoE modelling.
The in-real-life moment of change are still challenging to identify. Various QoE models are
designed to predict the QoE in an automatable way using machine learning techniques. One
way to detect these changes is to average user ratings to Mean opinion scores (MOS). This
shows the temporal trends, but the time series need to analyze separately for changes and
matching. In which machine learning models are mostly used for continuous time predictions.
Decision trees are used for classification purposes. Model trees like M5P have an advantage in
dealing with continuous variables [16]. M5p algorithm gives the linear models at the nodes
rather than constant value like normal regression algorithms.
In this thesis, we explain the benefits of ML models, especially the M5P for continuous QoE
modelling. For the modelling, we used the data containing the continuous time Quality rating
database[6]. Then model tree machine learning algorithms are used to estimate the QoE of the
user reactions over time per video by training different datasets available. Here the outcome of
the algorithm is focus than the performance of the model. We used these results to show the
transitions in the QoE over time and reconfirm earlier knowledge in the area.

1.1

Problem statement

In HTTP adaptive video streaming the instantaneous prediction of QoE Rating and user
reactions to the unstable network conditions is a big challenge. One of the problems is the
unavailability of perfect databases and correct modelling methods. The main challenge is to
identify them in real life moments of the change in instantaneous QoE. This should be identified
in an automatable way. For this process, a machine learning model is used. The classification
models are used for this identification, these give the set of rules in a node and leaves. The basic
classification decision trees and regression trees have no information in the root node for
analysis. The M5P model trees give the linear approximation at the end nodes. The main aim
of the thesis is to propose the methodology is to build the instantaneous QoE model and analyze
the user reactions over continuous time using machine the learning algorithm.

1.2

Research Questions

1.What decision models regarding the QoE prediction can be obtained through machine
learning?
2.To what extent can machine learning model trees be used to describe and model the variations
of user ratings in HAS over time?
3.How do the users perceive the QoE over time in HAS?

1.3

Methodology

In this thesis, we will investigate the user reactions regarding the HTTP Adaptive streaming
over continuous time using machine learning algorithms. The literature related to QoE and the
continuous video user ratings for the HTTP Adaptive Streaming is researched. The databases
related to subjective QoE ratings of video quality are identified for our research. The databases
10

are analyzed if there is a relation to the subjective QoE ratings over time. The datasets are then
analyzed using model tree algorithms for user ratings and matching obtained patterns. Then
these patterns are analyzed for user reactions and engagement.

1.4

Thesis outline

The overall thesis is divided as below:
Chapter1: Introduction and motivation regarding the thesis topic are briefly explained. The
supporting column of the thesis includes the problem statement, research questions and
methodology.
Chapter2: Related work for the thesis is presented. Brief descriptions of the machine learning
tools and algorithms are provided. The various analysis methods used in the thesis are also
described.
Chapter3: The process of methodology regarding machine learning is explained. The database
collection, inputs used, and data preparation and analysis are discussed.
Chapter4: The results of the machine learning algorithm are described.
Chapter5: The analysis and insights of the obtained results are discussed in this chapter.
Chapter6: This chapter provides conclusion and future work.

11

2

RELATED WORK

The QoE modelling to predict the user rating and provide the customers best quality is the large
trending and research area. There are many machine learning models to predict the subjective
QoE are available. But there is no research that model the user reactions over time by using the
obtained predicted model tree. The prediction of QoE is generally modelled using objective
methods or data-driven approaches. The deep learning technique is used for predicting the
Video QoE is called deep QoE [17].
The QoE prediction using the cellular traffic measurements as QoE and crowdsourcing QoE
ratings. The decision trees are well performed in this model [18]. The QoE model using
multiclass ISVM (incremental Support Vector Machine) in the adaptive video streaming
considering the mean opinion scores and the QoS parameters. The objective QoE model that
predicts the users instantaneous QoE. this QoE predictor takes different QoE influencing factors
and models the data buffer at the client side [19].
The research in the QoE HTTP Adaptive video streaming is very active and the scope in this
field large. This due to the increase in the demand for video quality. The usage of the OTT
video increased tremendous, but the network degradations still decrease the user’s quality of
experience. There are numerous QoE models for HTTP adaptive video streaming. Most of the
models consider the overall QoE ratings rather than the continuous QoE ratings to the respective
factors effect QoE. To Model, the instantaneous prediction of the QoE good dataset is needed
with the continuous video QoE ratings which are hard to produce and not publicly available.
For this QoE modelling, the good database is required. There are many publicly available
databases [1]. These databases are mainly focused on the end QoE ratings rather than the QoE
ratings over time. The survey of QoE predictive models states that there are no available
datasets is the major hurdle for research and development in this area [20]
In [21], M5P algorithm is used to predict lane clearance time. In this thesis, they found that
M5P is better than other algorithms such as regression and decision trees. The main advantages
of M5P they found are the algorithm deals with the continuous variables. In [22], M5P is used
rather than the Artificial neutral networks (ANN) and Support vector regressors (SVR)
algorithms. The M5P algorithm is describe and gives the patterns and relationship between data
by the rules and equations, whereas the other ML models like ANN and SVR hide these
properties and patterns.
In [23], the algorithm is modelled using the decision tree classification where this proposed
algorithm outperforms the LLS and WLS-SVD algorithms.
The M5P algorithm has better performance when compared using the root mean square error
(RMSE) than the SMO reg. The algorithms are used in ground source heat pump application to
predict the economic indicators using the non-linear time series data [24].
In [25] they proposed a method to determine the motor supply voltage condition using the SMO,
M5P, KStar, MLP. Of all algorithms, M5P shows better performance in results.
In [26] the M5P performs better for their model for node localization in a high noise
environment. Greg performs better with a smaller number of samples than the M5P algorithm.
Whereas M5P increases performance by an increase in several samples. When there is large
memory (large data) at nodes the M5P algorithm is best for node localization in a high noise
environment. The only openly available database which has continuous QoS rating is “LIVE
Mobile Stall Video Database II” [27]. This data provides the user ratings of 54 subjects contain
12

176 videos with 26 stalling pattern distortions. This is the reason the study in this area is not so
significant among the researchers. The only available dataset available is the LIVE Mobile Stall
Video Database-II which we used for our thesis. The total of the 54 subjects participated in this
test to obtain continuous time subjective user ratings. Every test video consists of the continuous
time subjective user ratings per frame of 27 subjects.
The machine learning model for QoE prediction is considering the multi-dimensional QoE
feature. The model is based on the decision trees where M5p outperformed all the other model
trees [28].
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3

METHODOLOGY

The modelling follows the following method. Section 1 gives a brief overview of the tools and
algorithms used the modelling. Section two explains data collection and construction. Section
three describes the implementations of the algorithm. Section four describe the steps for
modelling.

3.1

Tools and algorithms

3.1.1

Weka:

Weka [29] is open source software issued under the Weka is a collection of machine
learning algorithms for data mining tasks. It is issued under the GNU General Public
License, Weka is a collection of machine learning algorithms for data mining tasks.
Machine learning is nothing but a type of artificial intelligence which enables computers
to learn the data without the help of any explicit programs. It contains tools for data
preparation, classification, regression, clustering, association rules mining, and
visualization. It is possible to apply Weka to process big data and perform deep learning.
To predict nominal or numeric quantities, we have classifiers in Weka. Available learning
schemes are decision-trees and lists, support vector machines, instance-based classifiers,
logistic regression and Bayes’ nets. Once the data has been loaded, all the tabs of classify,
cluster, visualize, forecast are enabled. It also provides a textual and graphical
representation of various applicable models built from the full dataset. Moreover, it can
visualize prediction errors in scatter plots that allow evaluation through different threshold
curves. WEKA supports both supervised and unsupervised algorithms.

3.1.2

M5P Model Tree Algorithm

M5P algorithm [15] is an extended work based on the M5 algorithm [30]. M5 algorithm
originally developed by the Quinlan used in data mining which combines the decision tree
and multilinear regression. Decision trees are used to classification input and output.
These gives the patterns and relationships in data by providing the regression equations,
where other advance models keep these properties hidden like artificial neural networks
(ANN)[22]. Model trees have the advantage of handling large datasets efficiently. The
m5 tree development has three steps first tree construction and then tree pruning and the
third one is smoothing.
M5P is a modified version of the m5 tree algorithm. It is designed to handle enumerated
attributes and missing values. They handle the dataset with many attributes and high
dimensions. Before tree construction enumerated attributes are converted to the binary
variables. M5P is used in categorical and continuous variables and missing values. The
M5P uses the surrogate splitting to deal with missing values. After the splitting is done
the missing values are converted by the average values of the attributes of training
example.

3.1.3

Decision Trees:

In decision analysis, a decision tree can be used to visually and explicitly represent
decisions and decision making. As the name goes, it uses a tree-like model of decisions.
Though a commonly used tool in data mining for deriving a strategy to reach a goal, it’s
also widely used in machine learning.
Decision trees are one of the predictive modelling approaches extensively used in data
mining, wherein a tree is used to explicitly represent decisions and decision making. These
are the structured regression models. The goal of a decision tree is to create a model that
14

predicts the value of a target based on several input variables. Each node of a decision
tree represents one of the traffic usage attributes of the customer. Leaves represent class
labels and branches represent conjunctions of features that lead to class labels.

3.1.4

WEKA analysis:

This data set obtained is feed to Weka M5P implementation. The optimize the
performance the model tree is pruned. The pruning is a technique used in decision trees
to reduce the tree size to stop the further splitting of small node not worth to classify with
small instances. Pruning the tree decrease the complexity and increase the performance.
M5P gives the linear approximation at the end node. This model tree consists of the linear
regression models at each leaf. From this value, we construct the piecewise model using
excel by using this model trees which looks like a1+b1*t, a2+b2*t where a1, a2, b1, b2 are
coefficients and the t is respective time at the leaf.
3.1.4.1 Construction of dataset
In this section, the dataset is constructed from the database where the QoE rating pattern
of all the videos is observed. The most relevant pattern which has a smaller number of
changing points are used for our work. These data points have the exponential changing
point for the quality change in the videos. First, we import the dataset to the MATLAB to
import input variables from it. This dataset consists of the two columns with the first
column consist of time values for every video and the second column consists of the
respective user ratings. Then this dataset is converted to the CSV format. This is because
the Weka only accepts these kinds of formats with comma separated dataset as input. Then
for the further analysis these average and mean are calculated for the ratings. In this case,
there are two columns with the time and mean or average ratings respectively
The database we used in this study is the LIVE Mobile Stall Video Database- II. This
database consists of the 174 test videos and 26 distortion patterns. There is a total of 24
original reference videos. This database consists of the subjective scores of the 54 persons.
These scores are taken per frame of each video. The users are split into two groups where
each video has the 27 users for rating. Few of these ratings of video are used for the
analysis.
For the model testing, we used four users 4, 6, 53, 92 which have a unique pattern and
less data change patterns. the user ratings of these videos are plotted in figure 1. These
user rating patterns are analyzed for user reactions change over time using the M5P model
tree.
Consider video 4, 6, 53, 92 which have the ratings of the 27 users on a continuous scale.
The respective length of time of these videos is 69, 110, 115, 92 seconds. The frequency
of rating is 30/sec and the time resolution is 33ms. Total the ratings per subject of videos
4, 6, 53, 92 are 2077,3318, 3474, 1204 ratings and respective total ratings combined are
56,080, 89586, 93798, 32481ratings.
The dataset consists of the two columns, the first one is the time in seconds repeating for
every user, the second column consists of the user ratings as shown in table1. This should
be in the CSV format so that the Weka tool can read.
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Figure 1: The above figures are user ratings of video 4,6,53,92 with respect to time where Xaxis represents time samples 33ms and Y-axis represents user rating [0- 100].
time
values
0.033 46.86878
0.066 46.86878
0.099 46.86878
0.132 46.86878
0.165 46.86878
0.198 46.86878
0.231 46.86878
0.264 46.86878
.
.
.
.
.
.
68.442 42.02159
68.475 42.02159
Table1: Dataset consist of time sample values on time column and user ratings on values
column of the video 4.
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3.2

M5P model Analysis

This constructed dataset should be load in the Weka by selecting Weka to explore and open it.
Then classify the dataset using the M5P model tree under trees. Then the model is trained, and
the results display. The machine learning models are trained and tested using 10-fold cross
validation which decreases the overfitting. In K-fold cross-validation the dataset is divided into
k equal parts then one part is used for testing model and k-1 parts are used in training. The
M5P model gives the piecewise defined MOS (t) regression formula. Then construct the
piecewise model by using these formulae in excel. This would lead to the MOS(t) graph
represented by the M5P model. In this case for videos 4, 6, 53, 92 observe the change points
over time at which we analyze the user reactions patterns.

3.3

Modelling steps

This section describes the modelling steps for the analyzing and interpretation of the piecewise
models’ trends in instantaneous QoE. The description of the trends of the overall instantaneous
opinion scores (OS). Then compare it to the MOS over time.
Step1: Matrix construction
Construct the matrix of size 2 × Nn from the trace which contains individual OS values. This
matrix looks like table1. The matrix contains only the user ratings, user number are eliminated
to avoid confusion for the algorithm where it assumes user number as the feature. By avoiding
the user number, the algorithm averages the ratings as it is important for the curve matching.
Step 2: M5P algorithm Execution
The constructed matrices feed the algorithm using Weka to obtain the model tree. The tree has
the linear approximations represented as the LMi. These models represent the average ratings
predicted by the algorithm. The linear model looks like the below equation.
ݕ ሺܶ ሻ ൌ ܽ   ܾ ܶ
The Weka implementation of the M5P algorithm also gives the statistics like correlation
coefficient ܴ ଶ , mean absolute error (MAE), Root Mean square error (RMSE), relative absolute
error (RAE), root relative squared error (RRSE).
Step 3: Determining the moments of change
The moments of change are represented as the estimated rise and fallings in the available trace
from the tree model. The rise is estimated as the underlying conditions are improved. The fall
is represented as the underlying conditions are degraded. This is obtained by analyzing the
linear model obtained in step 2. The moment of change is obtained by analyzing the gradient
(ܾ ) obtained in the model. The negative gradient represents the moment of fall and the positive
gradient represents the moment of the rise. This defect can be automated by the classification
of the gradient.
Step 4: compare to the MOS
The Instantaneous MOS is obtained by averaging the available user ratings. The number of
users is 27 per video. These subjects give continuous quality ratings for the video. The matrix
of the data set contains the time and average user ratings. This available trace is then comparing
to the obtained predicted MOS by the algorithm.
Step5: Transitions of Rising and falling
The exponential approximations are investigated in the available traces obtained by the model
trees. The exponential model looks like the above Equations.
 ݕേ ൌ  ߙ േ ሺߚ േ ܶ ሻ   ߛ േ
The ܶ is Instantaneous time. The rising and falling are determined by the ሺߚ ା ) and falling slope
(ߚ ି ) of these exponential transitions.
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4

RESULTS

This section explains the Analysis and the results for the different datasets. Section 1 explains
the Weka output using the M5p algorithm. Then section two describes the piecewise
construction and results from it.

4.1

M5P model and results

M5p model tree produces the linear regression functions at the leaves (end nodes). When
considered the root to leave structure the model tree is divided into parts. First, the model tree
produces the decision tree then the tree produces piecewise linear regression models at the end
node. In our case, the function at end nodes looks like the below equation where the variable is
time t, A and B are coefficients.
 ݕൌ ܽ  ሺܾ ൈ ሻ
(1)

4.2

Dataset analysis

Figure 2 represents the output of the Weka using the M5P model tree using the video 4 data set.
The picture consists of the various information the first section includes the information
regarding the dataset like no of instances name of the dataset and the no of attributes. The
validation model used is 10-fold cross-validation. Machine learning models in general use 10fold cross-validation to reduce overfitting problems. In the k-fold cross-validation process, the
dataset is a divide into k equal parts and they these k equal sets only one is used for the testing
and remaining(k-1) are used for the training. This validation is repeated k times. Then averaged
k results are used to produce the single estimation. Then the information regarding the tree is
pruned using a smoothed linear model. The predicted tree consists of 13 nodes. The linear
piecewise model predicted by the algorithm. In this predicted model we can observe the
splitting of tree at nodes. The linear models are represented as LM1, LM2 etc. which from
equation (1) the ܽ , ܾ and t values are used to build the piecewise model. The last section includes
the information of the model performance and summary which includes the correlation
coefficient, mean absolute error, Root mean squared error, relative absolute error, root relative
square error. Table 2, 3, 4 represents the details of the video 4, 6, 53, 92 datasets results.
A) Correlation coefficient: Correlation coefficient gives the relationship between data.
The strong relationship between the two variables. There are positive and negative and
no correlation. The strong positive correlation is 1. The strong negative correlation
represented as -1. If there is no correlation, the result is zero.
B) Mean absolute error (MAE): Mean absolute error represents the measurement of the
accuracy of the continuous variables. MAE is calculated by errors magnitude is
averaged in a set of prediction.
C) Root Mean Squared Error (RMSE): RMSE is a standard deviation of the predicted
error or residuals. It is a measure of how far the data points deviated from the predicted
regression line. It is calculated by the taking square root of the average of the subtraction
of prediction and actual data squared.
D) Relative absolute error (RAE): Absolute error is defined as the magnitude of the
difference of exact value and the approximation.
E) Root relative squared error (RRSE): RRSE is the relative squared error which takes
the normalization of the total square error by the division of the total squared error of
average of the actual values.
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Figure 2: Output of M5P model.
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Video

Attributes

Instances

4

2

56079

Test mode

Pruned

10-fold
yes
crossvalidation
6
2
89586
10-fold
yes
crossvalidation
53
2
93798
10-fold
yes
crossvalidation
92
2
32481
10-fold
yes
crossvalidation
Table 2: Description of datasets used for machine learning.

Figure 3: Output tree of M5P model for video 4.
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Time
taken(secs)
5.45
7.66
9.13
0.53

Figure 4: Output tree of M5P for video6

Figure 5: Output tree of the M5P model for video 53

Figure 6: Output tree of the M5P model for video 92.
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The figure 3,4,5,6 represents the predicted model trees. The linear regression model is shown in each
leaf. These leaves (LM1,LM2, etc) represent the linear patches approximation of the continuous
functions. The structure of the tree from top to down of the trees represents the tree from the root to
leaves. This top level of the tree is an important part in which parameters are responsible for the final
prediction. For example, consider figure 3 which is the pruned tree and it havs 13 end nodes. We can
see that the entire tree is time-dependent and the spitting of the instances. Each end node has the value
represents the information of the node example, the leaf 1 LM1(2727/62.569%) in this 2727 are no of
instances and the 62.569% is the root relative squared error.
Table 3 represents video 4, 6, 53, 92 coefficients of linear models predicted by the algorithm. The
moments of changes are represented by these coefficients. The bold numbers in the table represents the
moment of changes in the available trace. For example, consider the video 4 it has the 13 nodes the first
change is at LM4 and the second change is at LM8 third one at the LM12. Here we can observe that the
changes are dependent on the coefficient b.
Table 4 represents the performance metrics of the model. We can observe the performance is average
and the best this is because the diversity of the user ratings we can observe in figure 1. Here the
correlation coefficients represent the predict accuracy, precision which are metrics of ML model are
built on. These metrics are not making any sense for the matching process.

Linear
model

Videos

LM1

4
Coefficients
a
b
48.3297
-2.161

6
Coefficients
a
b
48.4491 -3.3086

53
Coefficients
a
b
46.4959 -3.9218

92
Coefficients
a
b
45.6391 -2.1656

LM2

45.5125

-1.401

41.7578

-0.7574

40.0959

-0.7019

40.4038

0.04

Lm3

36.7007

-0.276

45.6055

-1.1665

37.6558

-0.355

18.3354

8.8662

Lm4

13.4847

1.9656

34.8871

-0.3493

28.526

0.1223

39.3054

3.0826

LM5

36.4233

0.3978

-54.1929

4.0929

-183.527

11.0264 50.8625

1.0326

Lm6

44.6125

0.0395

-53.9385

4.8175

60.5517

0.0335

LM7

45.7865

-0.003

9.1329
157.5119
-54.0876 4.5398

42.3354

0.6107

53.7283

0.3626

Lm8

345.448

-7.608

39.0202

0.6779

47.8121

0.4173

103.6067 -1.366

Lm9

192.1072

-3.829

46.5257

0.4418

58.5572

0.1005

737.4112 -22.794

LM10

65.1505

-0.776

53.5833

0.2361

60.1598

0.0735

224.5945 -5.800

LM11

52.5743

-0.524

59.8513

0.0759

58.8177

0.1029

67.8992

-0.825

LM12

232.8418
31.3796

5.563

67.8587

-0.0763

67.0378

0.0001

-253.09

8.0854

0.167

41.8698

0.305

67.192

-0.0025

-79.5715

3.4416

LM13
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LM14

502.9208 -5.9442

752.8511 -7.3229

LM15

432.6327 -5.0747

531.5886 -5.0151

LM16

161.2576 -1.517

160.469

LM17

114.1945 -0.9238

120.8211 -0.7896

LM18
LM19

-887802
-36.388

10.9234 -984.618
1.0331 -59.4711

LM20

27.8417

0.3096

-1.1807

9.4952
0.9999

LM21
44.5768 0.1631
Table 3: predicted coefficients obtained from model tree.
videos

Correlation
coefficient

Mean
absolute
error

RMSE

RAE

RRSE

Total no. of
Instances

4

0.4235

8.2156

10.5389

88.3154%

90.5903%

56079

6

0.763

7.808

10.1046

61.6746%

64.635%

89586

53

0.7946

7.1815

9.508

56.3629%

60.7178%

93798

92

0.6385

8.0879

10.316

75.8239%

76.9595%

32481

Table 4: Performance of the models.
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4.3

Construction of the piecewise model

The piecewise model predicted by the algorithm is constructed by the following method. First,
identify the piecewise model tree which has linear models (LM1, LM2, etc). This linear
equation consists of the time t and the two coefficients a and b. using these values the Y values
are calculated to construct the predicted values by the algorithm. These values are divided into
four columns where first column val1 consists of the attribute a1 and second column val2
consists of attribute b1. The third column val3 is at a given variable time. The fourth column
sum is the output of the calculated formula from equation (1). This dataset looks like the table2.
val1
val2
val3
summ
48.3297 -2.1613
0.033 48.25838
48.3297 -2.1613
0.066 48.18705
48.3297 -2.1613
0.099 48.11573
48.3297 -2.1613
0.132 48.04441
48.3297 -2.1613
0.165 47.97309
48.3297 -2.1613
0.198 47.90176
48.3297 -2.1613
0.231 47.83044
48.3297 -2.1613
0.264 47.75912
48.3297 -2.1613
0.297 47.68779
48.3297 -2.1613
0.33 47.61647
.
.
.
.
.
.
.
.
.
.
.
.
31.3796
0.1673
68.409 42.82443
31.3796
0.1673
68.442 42.82995
31.3796
0.1673
68.475 42.83547
31.3796
0.1673
68.508 42.84099
Table 5: Presentation of constructed Piecewise model.
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4.4

Matching the change points

From observing the tree, the change points are detected, where the change is mostly identified
by the coefficient ܾ which is val2 in the table3. These are linear models predicted by the
algorithm. Figure 7 represents outcomes of the piecewise approximations of video 4, 6, 53, 92
and the average ratings for comparison. From figure 7 and table 3 we can observe the changing
point of the ratings. We can observe that the Piecewise model follows Instantaneous MOS. The
piecewise is linear in nature and compare to average MOS it skips the local minima and
maxima. Here we can observe the moment of change which are shown in the table 3 with bold
numbers.

Figure 7: The MOS(t) prediction of the M5P model for datasets of video 4, 6, 53, 92.
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5

ANALYSIS AND DISCUSSION
Analysis and discussion consist of the finding from the predicted model trees by an
algorithm. This section describes the temporal change points and parameters of the
different datasets. The traces obtained from the model are used for the analysis.

5.1

M5P model tree findings
We want to model the transitions from predicted values of user ratings. From table 3 and
figure 7 the unique transitions are observed which has the falling and rising of the values.
These transitions look like exponential transitions. This pattern is matched using the
Curve fitting techniques to make valuable insights from them.
By considering the coefficients of ܾ in piecewise linear models (1) and Table 3 represents
the three moments of change in all the traces. These are compared to Actual counterparts
that are in the original trace of video 92 available [6] are summarized in table 6.The model
latency is explained which captures the user reactions. The flattening effect of the
piecewise linearization is found in seconds and its sinking towards the end of the available
trace. By observing the blue curve in figure 7 video 92 it shows the flat approximation is
at 2 s gives the 1.7 s latency of the first rise. Then the second rise is at 37 s indicates the
latency is minimized. The observation of the bi coefficients of the piecewise linear models
that follows the changes in moments which we can observe the decreasing is absolute
values. This gives the exponentially decaying function proposed by[15] and used by[9].
Type
Estimated
Real
Latency
Rise
2.7 s
1.0 s
1.7 s
fall
29.7 s
28.7 s
1.0 s
Rise
35.9 s
35.6 s
0.3 s
Table 6: Comparison of the estimated and real moments of change of video 92.

5.2

Regression analysis
MATLAB is used for the analysis of the model. The non-linear regression is used to find
the model coefficients. Least square fit method is used to fit the lines and the polynomials.
The Optimization toolbox is used for this study where lsqcurvefit is used for the curve
fitting. For our case, exponential fit is used.
By using the regression model, the above formula is used for the exponential fit for the
data set.
(2)
 ݕൌ ݔଵ ൈ ݁ ሺ௫మ כ௫ሻ  ݔଷ
Where y= lsqcurvefit function
ݔis time
ݔଵ , ݔଶ , are coefficients
x3 is constant
From table 3 we have the observation time  ܽݐܽ݀ݔis val3 and the response  ܽݐܽ݀ݕis the
sum. We want to find the parameters ݔሺͳሻ, ݔሺʹሻ and ݔሺ͵ሻ to fit a model. The function of
the exponential decay model looks like below in MATLAB.
(3)
 ܽݐܽ݀ݕൌ ݔሺͳሻ ൈ ݁ ሺ௫ሺଶሻൈ௫ௗ௧ሻ  ݔሺ͵ሻ
݂݊ ൌ ̷ሺݔǡ ܽݐܽ݀ݔሻݔሺͳሻ ൈ ݁ ሺ௫ሺଶሻൈ௫ௗ௧ሻ  ݔሺ͵ሻ

(4)

where  ܽݐܽ݀ݔis input data
 ܽݐܽ݀ݕis output data, fn is the MATLAB function representation of the
exponential model.
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lsqcurvefit MATLAB function is used to calculate x = lsqcurvefit (fun, x0, ܽݐܽ݀ݔ, )ܽݐܽ݀ݕ.
This function starts at x0 and finds x coefficients to fit function fun (x,  )ܽݐܽ݀ݔto ܽݐܽ݀ݕ. Here
 ܽݐܽ݀ݔcontains the data values of the time between at where change points detected in the
piecewise model trees. Here  ܽݐܽ݀ݕis the respective predicted rating values [31]. The data is
shifted from the original data that the reason the rise in figure is falling. The data of these
exponentials shown in figure 7 are separated from the original piecewise data set shown in
table5 using the time of change values from the table 3. Then these traces of exponential data
is changed in a way the initial point of the  ܽݐܽ݀ݔand the end of the ܽݐܽ݀ݕare shifted to zero
to avoid the big exponential values. That’s the reason why figure 8 video 8 rise looks like the
falling. This analysis is done in the four cases shown in video 4, 6, 53, 92.

5.2.1

Case 1: Video 4

For video 4 there are three change points at nodes LM2, LM7, LM12 at time 6.7, 39.2, 67.8
Seconds. From these change traces, we are going to analyze the first two change points at LM2
and LM7.
5.2.1.1

Change point 1:

From table 3 we can see the coefficient a, b where is considered as the slope of the linear model.
For video 4 the big rise change starts at node lm4 at 14.38 s. Same from figure 7 video 4 we
can observe the sudden rise at 14th second. For analysis in MATLAB we transition the curve
data points in all cases, so they appear as they are starting from 0 seconds like in figure 8 where
in original it starts at 14th second.
By applying curve fit to these points, we get the resulting F values fitted with the predicted
ratings. In figure 8 we can see the blue line represents the fitted exponential. The obtained
coefficients are ݔଵ = 8.0916, ݔଶ = -0.2367, ݔଷ =0.0926. The correlation coefficient ܴ ଶ ~ 0.98.
From these coefficients and equations1, 2 and 3, we can model the exponential model as
follows.
(5)
 ݕൌ ͺǤͲͻͳ݁ ିǤଶଷ௫  ͲǤͲͻʹ

Figure 8: Video 4 big rise x-axis represents time and y axis represents estimated MOS(t).
5.2.1.2

Change point 2:

The next change point in the video 4 appear at the node lm8 at time 39.27 seconds in table 3.
In figure 7 video4 we can observe the quality decrease at time approximately 40th second. The
coefficients obtained for this trace of exponential curve are ݔଵ = 16.6617, ݔଶ = -0.8167, ݔଷ = 0.4771. The correlation coefficient ܴ ଶ ~ 0.99 The figure 9 represents the curve of fitted
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exponential. The above equation is derived exponential fit equation for fitting curve for the big
fall for change point 2.
(5)
 ݕൌ ͳǤͳ݁ ିǤ଼ଵ௫ െ ͲǤͶͳ

Figure 9: Video 4 big fall x-axis represents time and y axis represents estimated MOS(t).

5.2.2

Case2: video 6

From table 3 for video 6 there are three change points at nodes LM5, LM12, LM18 at time
21.21, 70.15, 85.9 seconds. From these change traces we are going to analyze the first two
change points at LM5 and LM12
5.2.2.1

change point 1:

For video 6 the big rise change point of the ratings at node lm4 at 21.21 seconds. Same from
figure 7 video 6 we can observe the sudden rise at quality at 20th second. The coefficients
obtained for this trace of exponential curve are ݔଵ = 40.0779, ݔଶ = -0.3645, ݔଷ = 0.2697. The
correlation coefficient ܴ ଶ ~ 0.97. The above equation is derived an exponential fit equation for
the fitting curve for a big rise in figure 10.
(6)
 ݕൌ ͶͲǤͲ݁ ିǤଷସହ௫  ͲǤʹͻ

Figure 10: Video 6 big rise x-axis represents time and y axis represents estimated MOS(t).
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5.2.2.2

change point 2:

For video 6 the big fall change point of the ratings at node LM12 at 70.15 seconds. Same from
figure 7 video 6 we can observe the sudden fall at the quality at 70th second. The coefficients
obtained for this trace of exponential curve are ݔଵ = 27.5482, ݔଶ = -0.5950,ݔଷ =-1.3059. The
correlation coefficient ܴ ଶ ~ 0.97. The above equation is derived an exponential fit equation for
the fitting curve for big fall figure
(7)
 ݕൌ ʹǤͷͶͺʹ݁ ିǤହଽହ௫ െ ͳǤ͵Ͳͷͻ

Figure 11: Video 6 big fall x-axis represents time and y axis represents estimated MOS(t).

5.2.3

Case 3: video 53

From table 3 for video 53 there are three change points at nodes lm5, lm14, lm18 at time 20.26,
94.24, 108.86 seconds. From these change traces we are going to analyze the first two change
points at LM5 and LM14.
5.2.3.1

Change point 1:

For video 53 the big rise change point of the ratings at node lm5 at 20.26 seconds. Same from
the figure 7 video 53 we can observe the sudden rise at quality at 70th second. The
coefficients obtained for this trace of exponential curve are x1=20.3910, x2 = -0.1340, x3 =
1.5447. The correlation coefficient ܴ ଶ ~ 0.87. The above equation is derived exponential fit
equation for fitting curve for big rise in figure 12.
 ݕൌ ʹͲǤ͵ͻͳͲ݁ ିǤଵଷସ௫  ͳǤͷͶͶ
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(8)

Figure 12: video 53 big rise x-axis represents time and y axis represents estimated MOS(t).
5.2.3.2

Change point 2:

For video 53 the big fall change point of the ratings at node lm14 at 94.24 seconds. Same from
the figure 7 video 53 we can observe the sudden fall at quality at 95 the second. The coefficients
obtained for this trace of exponential curve are x1=33.4673, x2 = -0.3395, x3 = -8.3617. The
correlation coefficient ܴ ଶ ~ 0.98. The above equation is derived exponential fit equation for
fitting curve for big fall in figure 13.
(9)
 ݕൌ ͵͵ǤͶ͵݁ ିǤଷଷଽହ௫ െ ͺǤ͵ͳ

Figure 13: video 53 big fall x-axis represents time and y axis represents estimated MOS(t).

5.2.4

Case 4: video 92

From table 3 for video 92 there are three change points at nodes lm3, lm8, LM12 at time 3.267,
29.364, 36.96 seconds. From these change traces, we are going to analyze the first two change
points at LM3 and LM8.
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5.2.4.1

Changepoint 1:

For video 92 the big rise change point of the ratings at node lm3 at 3.267seconds. Same from
figure 7 video 92 we can observe the sudden rise at the quality at 3rd second. The coefficients
obtained for this trace of exponential curve are ݔଵ = 17.6455, ݔଶ = -0.4472, ݔଷ = 0.1048. The
correlation coefficient ܴ ଶ ~ 0.99. The above equation is derived an exponential fit equation for
the fitting curve for a big rise in figure 14.
(10)
 ݕൌ ͳǤͶͷͷ݁ ିǤସସଶ௫  ͲǤͳͲͶͺ

Figure 14: Video 92 big rise x-axis represents time and y axis represents estimated MOS(t).
5.2.4.2

Change point 2:

For video 92 the big fall change point of the ratings at node lm8 at 29.364 seconds. Same from
figure 7 video 92 we can observe the sudden fall at the quality at 30 the second. The coefficients
obtained for this trace of exponential curve are ݔଵ =20.0224, ݔଶ = -1.0574, ݔଷ =1.1147. The
correlation coefficient ܴ ଶ ~ 0.97. The above equation is derived as an exponential fit equation
for the fitting curve for a big fall in figure 15.
(10)
 ݕൌ ʹͲǤͲʹʹͶ݁ ିଵǤହସ௫  ͳǤͳͳͶ

Figure 15: Video 92 big rise x-axis represents time and y axis represents estimated MOS(t).
Table 6 shows the change point slope variations. From this, we can compare the rising and falling
models. We can observe from the sections 5.2.1-5.2.4 of change points that even we used the piecewise
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linear approximations instead of the continuous time MOS values for the matching these exponential
trends have the high correlation values.
From the table 6 we can observe the slopes of the different videos obtained shows the falling slope is
steeper than the rising slope. This gives the insights of the user reaction that the user reacts quicker to
the decreases in the service quality when compared with rising of quality again at beginning and ending
of freezes.
This can give insights from user ratings that the quality of the video decreases then the quality ratings
decreases faster when compared to rising quality ratings. From this, we can deduct that user losses
interest when quality decreases then it will take longer for the user to recover from that.
The further results found are the latencies are one second roughly which are fast. This is obtained by the
user score without knowing the any underlying conditions like network service degradations.

Traces
4
6
53
92

Rise exponential
slope
exp (-0.2367 t/s)
exp (-0.3645 t/s)
exp (-0.1340 t/s)
exp (-0.4472 t/s)

ܴ ଶ (Rise)

Fall exponential

ܴ ଶ (Fall)

0.98
0.97
0.87
0.99

exp (-0.8190 t/s)
exp (-0.5950 t/s)
exp (-0.3395 t/s)
exp (-1.1147 t/s)

0.99
0.97
0.98
0.97

Table 6: slope values at change points.
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Answers to the research questions
1.What decision models regarding the QoE prediction can be obtained through machine learning?
Ans: The decision models obtained from the machine learning are used to predict the QoE

ratings which in our case we use the continuous time ratings. As explained in the results
section 5 decision tree model used here is the M5P model tree algorithm where it gives the
linear regression model at the leaves which further helped in the development and
implementing the model. This algorithm also provides the performance metrics which used
to know the performance and consistency of our model.
2.To what extent can machine learning model trees be used to describe and model the variations of
user ratings in HAS over time?
Ans: In our research as discussed in the chapter 4 results section we used the m5p model tree
algorithm which provided the continuous linear regression models at leaf nodes. Which then we
constructed the piecewise model using model tress. These linear models are useful in constructing
the change traces and able to analyze the rating furthermore than the predictions of values.
As mentioned in the chapter 5 analysis and discussion we can use this section for the further
underlying condition like the user reaction like latency without knowing under lying conditions.
3.How do the users perceive the QoE over time in HAS?
Ans: From chapter 5 Analysis of the tress we get the full trace of the predicted values where we can
observe the exponential change in the output prediction values. By using regression analysis, we get
the useful insight of user perception from those changes. The results obtained in the section 5.2
represents that when video quality decreases the user loses the interest and the QoE is decreasing
but it takes a long time to recover from it. Even quality increases user rating increases slowly when
compared to the user rating falling. This concludes that the users react quicker to a decrease in
quality as compared to increase in quality.
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6

CONCLUSION AND FUTURE WORK

6.1

Conclusion:

In this thesis, we have described a novel approach to use the model tree algorithm to analyze user
behavior over time. In which results in our finding with the M5P algorithm able to detect change points
of the Quality ratings over time. M5P algorithm can provide the linear relationship between Quality
ratings and the time. It provides the exponential transition when the quality changes. These transition
between different level are used to analyze the user rating using the exponential decay models. This
novel machine learning approach gives the more insights that these model trees have more information
regarding the user behavior like latency without knowing the underlying network parameters. The
piecewise linear approximations of rises and falls showed an exponential behavior over time as it is used
and predicted in earlier work. Our results show that there is a faster decrease in user rating than the
increase in user rating when video quality changes.

6.2

Future work:

The QoE modelling using machine learning used in improving the QoE. our work will provide the basis
for further modelling efforts in this area. which can extend by using more variables or disturbance in the
input for machine learning. Using our work, the further studies can made using the multidimensional
cases beyond the time. The automation of the modelling, the analyses of the piecewise model can be
done using ML.
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APPENDIX
The figures above represent the underlying stalling conditions of the available dataset of video 4, 6,
53, 92. These are represented as the true values of the changing points.
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