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Introduction: Since services providers enabled end-users to
share and view videos on demand, this trend has seen
extreme popularity rise. This has led to an increase in
competition for services providers, a metric for end-user
Quality of Experience (QoE) is essential to stay competitive.
So far Quality of Services (QoS) was seen as metric needed,
but in it's nature it focuses on application and network
metrics [2]. Several recent research has shown this does not
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correlated whit end user QoE.
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Figure 1 — Machine learning tree

Section 1:This project's primary goal is to
review existing models in this area of machine
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Fig. 2- Neural Network example

learning and study factors that may lead to the
development of a more optimised model for
predicting the Quality of experience in content
sharing networks.

be used to detect patterns and solve problem, which will

times hard to understand process, but very effective one.

Section 2: Machine learning has proven it's worth in the field of data analyses and Al. It can

some cases impossible. As shown in fig.1 it can be divided in several types and sub types.
Each type has it's own advantages and use cases, no single solution can be used in problem
solving task [1]. Neural networks shown in fig.2 have been used as a primary solution in
many competitive and challenging tasks. It's ability to learn as demonstrated in fig.2, is many

very difficult for a human or even in
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Fig.3-QoE pseudo code [2]

Section 3: Teaching machine to understand why user do
specific choice, is daunting task. To succeed first one
have to be able to understand it himself, to define main
metrics of users engagement [3] and satisfaction is
essential. The choice of the correct dataset is
fundamental step in this process, by analysing dataset we
can find patterns that can be used to “show” a machine
how to evaluated users actions. Example of teaching a
machine how to evaluated QoE is shown in fig.3

Conclusion / Future Work: The impact of video properties on
end-user QoE was investigated in this study. On YouTube, we
looked at the context elements that influence video popularity and
overall user engagement. The relationship between these
parameters was investigated, and the correlation was calculated.
We demonstrated how user engagement and video popularity
influence perceived QoE and how this can used to predict users
social context factors. After an extensive review of the relevant| [
literature, it became clear that a more extensive discussion is
needed because of the multidisciplinary nature of the QoE
assessment. Therefore, one of the goals of this project have not
been reached. &l
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Fig.4- Orange dataset processing
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