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[bookmark: _Toc98535601]Abstract
When a person uses a multimedia service or programme, the quality of experience (QoE) indicates their level of enjoyment or dissatisfaction. In past decades, there has been a significant growth in the distribution of films via the internet, and this has become one of the most popular pastimes. This implies that people expect to watch high-definition videos. Understanding the elements that influence QoE and efficiently managing resources to maximise video quality are required to meet users' expectations. The majority of existing objective ways to assess QoE rely on video traffic analysis. A recent study, however, has shown that this technique is insufficient for assessing perceived QoE and that various factors, including technical media aspects, influence QoE. When planning a machine learning algorithm, data distribution should always be taken into account because it has a relatively significant impact on the algorithm's prediction behaviour. Data asymmetry, in particular, is a significant concern. In general, any dataset with an irregular distribution of classes might be called unbalanced. With unbalanced datasets, most standard learning techniques deliver inferior accuracy among classes. The fundamental reason for this is that for all datasets, these techniques assume equal misclassification costs and very balanced class distributions. As a result, a large part of classes is frequently prioritised while the minority classes are overlooked, particularly in binary classification learning problems. While it may appear that equal data distribution is ideal, real datasets frequently fail to meet this condition. Some traditional neural networks have been shown to deal whit this issue better than other solutions.
[bookmark: _Toc98535602]Introduction
[bookmark: _Toc98535603]Introduction
Recent statistics show that social networks, specifically video sharing platforms, are the main contributor to the global rise in internet traffic. An internet-specific trend has risen to almost unfathomable levels in the last several decades, and new data is generated and accumulated in enormous quantities. Some leading IT organisations like Cisco predict further increases in the coming years. The need for a monitoring system has become apparent. The growing competitiveness in this area pushes services providers towards Big data analytics in quest of understanding users' expectations and Machine learning solutions to implement this knowledge. The issue with understanding user behaviour is that the wrong metric and assumptions were predominant most of the time. An excellent example is not taking into account user social aspects and interactions; instead, a metric mainly focuses on assessing the application and network performance called Quality of Services QoS is used to assess the Quality of Experience QoE of the users of these services. Because of this data sparsity, predictive algorithms are making sub-optimal decisions [9] in relation to recommending content or products, whit the goal of user retention and product realisation. However, users' social, demographic, and economic state depends on a wide range of variables, which makes developing an algorithm that encompasses all factors very complicated. Further, more social interaction can easily influence any number of social neighbours, making the problem even more complicated. This is why more studies should be focused on this area. In this area, deep neural networks demonstrated excellent potential in automatic representation learning [9], a large part of researchers have applied deep learning techniques in users' behaviour modelling. As a result of the realisation of the complexity of users` social interaction whit content, shallow linear interaction functions cannot capture this complexity. Consequently, we continue whit methods to find this complex relationship in the dataset chosen and methods to take advantage of these findings.
[bookmark: _Toc98535604]Aim
This project's primary goal is to review existing models in this area of machine 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. By utilising analytical tools like the Knime analytical platform, we will examine a dataset acquired from a third-party website called www.kaggle.com. Consequently, a machine learning algorithm will be developed in it will be applied the patterns and conclusions extrapolated from the analyses of the dataset. 
[bookmark: _Toc98535605]Objectives
Objectives of this report are as follows:
· Research machine learning algorithms and models used in data analyses.
· Analyse the relevant metrics used in the problem area of the project.
· Review and test existing solutions to the primary problem.
· Develop and test user behaviour predictive model.
[bookmark: _Toc98535606]Project structure
This document is comprised of 6 sections in total, and each starts whit a section summary. The Arrangement of the sections is as follows:
1. Introduction – This section contains a brief summary, aims, objectives of the project report, and it is divided into four subsections.
2. Research methodology – Here, we explain the research methodology chosen to find and select information and the development methods.
3. Literature Review – Concise summary of tools, types of algorithms, and methods used or required for the development process.
4. Dataset Description – Break down of dataset used futures and techniques used to extrapolate helpful information. 
5. Analysis – This section introduces problems formulated in the report and a critical discussion of existing means for solving them.
6. Evaluation – Contains project evaluations, conclusions derived from data handling, discussion of test results.
7. Conclusion – Final summary of the reports achieved aims and future development.
8. References and Bibliography – List of referred documents, directly cited or otherwise used in the development process.
[bookmark: _Toc98535607]Literature Review
[bookmark: _Toc98535608]Summary
In this section, the report will introduce and briefly explain fundamental concepts relevant to the project's development. Some of those concepts are directly used in the project, while others support it and focus on providing knowledge in aspects useful for the development process: beginning whit machine learning and some of the commonly used algorithms and methods, metrics. We continue whit neural networks and social link behaviour, introducing these crucial concepts for this project and a short description of tools used in the development process.
[bookmark: _Toc98535609]Machine learning
Since the dawn of humanity, we have searched for and used tools to carry out different tasks. Some of those tools made tasks more manageable. Others enabled us to do tasks not possible without specific tools. Human creativity has been pointed out as the reason for our species' survival and dominance. This creativity has led to the conception and invention of machines [1], which enabled us to improve and discover solutions to various life tasks. The need for optimisation and the increasing complexity of tasks for which machines are used has inevitably led to the creation of computers. Computers are the most widely and diversely used machines; everything from communication to space exploration utilises computers. These complex machines surpass humans in almost everything, like memory, calculations, speed. However, they lack the ability to learn and find a solution to a problem if not explicitly programmed to do so. Machine learning (ML) is one part of the solution to this problem; it enables machines to learn; it teaches computers how to handle vast amounts of data [1] in an efficient manner. Whit, the rise of Big Data and global networks, the need for ML, has grown exponentially. The trend of data gathering by large organisations has led to the abundance of large datasets which can be used to extract useful information. This sounds simple, but it is impossibly to process this vast amount of data without ML. The human mind cannot do it fast and efficiently enough. Industries apply ML to find and extract only the relevant data of those large datasets. Machine learning's fundamental concept is to learn from the data [1]; it is a field of artificial intelligence that concerns itself whit the learning process. ML employs a diverse set of algorithms to solve problems, to enable machines to learn without being explicitly programmed. Depending on the problem it needs to solve, the correct type of algorithm must be selected. Although combinations are possible, there is no perfect algorithm to solve every problem. [image: ]
[bookmark: _Hlk95923157]Figure 1 Machine learning algorithms [1]

Figure 1 shows the most used main algorithms and the sub algorithms derived from the main ones. This sub-algorithm used the respective main algorithm as a foundation and optimised it for a specific problem. The following will concisely explain the most commonly used algorithms and sub-algorithms.
[bookmark: _Toc98535610]Supervised Learning
This type of algorithm represents an ML model which maps input to output [1] based on a set of predetermined example input-output sets. Based on labelled training data comprised of training examples pairs, it infers a function to the model. These algorithms require direct external assistance and dived the data sets to train and test datasets. The training dataset includes in its output variable, which must be classified or predicted. These types of algorithms extrapolate patterns of the training dataset then apply them to the test dataset for classification or regression purposes. In machine learning literature, these two terms may be confusing at first; classification refers to the categorical outcome and regression to the continuous outcome in prediction models. The fundamental steps of these types of learning are acquiring a dataset and diving it into training, validation, and test datasets [5]. The second step taken is using a training and validation dataset to introduce a specific model to the relationship between futures and targets [5] in the data set itself. The last step is to evaluate how accurate the model's predictive outcome is using the test dataset. 
[image: ]
Figure 2 Supervised ML algorithms workflow [1]

Supervised learning has a wide range of applications like, for example, database marketing, information retrieval and extraction bioinformatics, pattern and speech recognition and many more. In this Supervised learning branch, three algorithms stand out as the most commonly used in their respective area. These are Decision tree, Naive Bayes, and Support Vector Machines. A decision tree is used to enable machines to make choices based on input or classified data sets. It is considered one of the most useful ML algorithms because it can be utilised to solve a wide range of problems and be relatively easy to interpret.
[image: ]
Figure 3 Decision tree [1]
Simple decision tree visualisation of algorithm tasked with choosing if someone is vegetarian or not is shown in figure 3. Each node contains an attribute, and each branch represents a value that can be given to the node. The next algorithm that will be briefly explained is Naïve Bayes; this is a classification technique based on Bayes Theorem [1] and Probability theory which will be mentioned furder in this report. It is mainly used for classification and clustering; Naïve Bayes assumes that futures in a class are unrelated to any other present futures. Mainly used but not limited to text classification areas. The third technique we will mention is Support Vector Machine (SVM), a supervised learning model which analyses data used for classification and regression analysis [1]. It can be used to perform linear and non-linear classification; the lather is optimised using a 'kernel trick' method. Kernel methods help reduce the computational cost by representing the data only with a pairwise similarity comparison [1] of the original data. In more simplistic terms, it draws margins between classes [1], as shown in figure 4. 
[image: ]
Figure 4 Support Vector Machine [1]
The way these margins are drawn minimises the classification error margin.
[bookmark: _Toc98535611]Unsupervised Learning
This type of ML differs from the mentioned above whit the lack of training data and correct answers; these algorithms are expected to make discoveries and find a pattern in the data by themselves and then present results found. It can be said that in these scenarios, algorithms used experience from previous data futures. When new data is presented, it uses this previous experience to recognise it and classify it. These types of techniques are mainly used for clustering and data reduction [1]. Arguably one of the simplest unsupervised algorithms is K-means, which is used as the answer to the clustering problem whit in machine learning [1]. K-means works, but defining k centres for each cluster, different locations of these centres give different individual results. The best practice is to place them as far away from each other as possible, and then each point is associated with the nearest centre. The first phase is complete when we have no pending points, then recalculation of k new centroids must be done. Depending on the data set after several recalculations, the result should be several clusters whit a barycentre to each [1]. This straightforward and efficient method of creating clusters in a data set made K-means a viral broad spectre algorithm. 
[bookmark: _Toc98535612]Semi-supervised Learning
The semi-supervised group of models is a combination of the previous two, supervised and unsupervised, primarily used in areas of machine learning where unlabeled data is abundant, but the process of getting this data labelled is problematic or too time-consuming. An excellent example of this group of algorithms is the widely used Transductive support vector machines (TSVM), primarily used for labelling unlabeled data [1]. Although it is hard to understand its fundamental generalisation way, it labels the data and maximises margins between unlabeled and labelled data [1]. Another labelling algorithm is self-training; in this case, the algorithm is given training data, a portion of the labelled data. When unlabeled data is introduced, it uses its experience whit the labelled portion of the data and adds the unlabeled points and the predicted labels [1] in the training set.
Ensemble Learning
This type of learning is mainly used to improve the performance of a model, and it does this by combining different models and aims to find a solution to a specific intelligence problem [1]. It makes this type of algorithm more computationally demanding when compared to a single predictive algorithm. Nevertheless, theoretically, the outcome of an ensemble algorithm should be superior to a single type of algorithm. In most cases, fast algorithms like a decision tree are more suitable to be used in ensemble models. An excellent example of this is a method called a random forest, used for classification, regression and tasks that function is to construct a multitude of decision trees at the training stage of the model. In classification tasks, the output of random forest is the class selected by most trees [4]; in regression, on the other hand, it is the average prediction of the individual trees. The combination of low bias but very high variance whit few configuration requirements [4] makes random forest algorithms a popular solution for businesses whit a wide range of data.
Neural Networks
The concept of Neural Networks was first proposed by Warren McCulloch and Walter Pitts [6] in 1943. There are two existing types of Neural Networks biological and artificial neural networks in practice. A neural network refers to a network or circuit comprised of biological or artificial neurons, and only the latter will be discussed in regards to this report. The foundation of an artificial neural network is a collection of connected nodes called artificial neurons, and each connection can transmit data to each other neuron. This simulates how the human brain functions, to date none, whit the complexity or number of connections of a real brain. For the nodes to work and send a signal to other nodes, activation functions are needed. Commonly utilised activations are sigmoid activation, threshold activation, bounded linear activation, Gaussian activation, and Hyperbolic Tangent [5]. The simplified structure of artificial neural networks can be described in three layers, input layer, hidden layer, and output layer [1]. Previously mentioned activators are situated in the hidden layer, where data is processed, tested, and send to the output layer. Similarly to the brain synapses, the nodes' connection is straightened whit each cycle in the network, and the inactive synapses grow weaker until they eventually vanish [7]. In this manner, only necessary connections are created and used. In fig.5 is depicted a learning process of a neural network; this example is a network in the process of learning a pattern using a dataset. The first stage shows the original condition of the dataset before the network starts the process. As can be seen, this simple network is made out of one input layer x1 and x2, three hidden layers whit five, four, and three neurons. Every neuron has a unique connection to every consequent neuron, which means the output of the first neuron becomes an input for the second; as mentioned earlier, this is necessary for the network to work. Although this is a straightforward network, it shows the fundamental learning process. Seen that way, it can look pretty complicated. Neural networks are often considered "black boxes" because it is often unclear how they come to a conclusion that they do, but we understand how they do it. When all the input weights flow into the neuron, they are summed up and added another trainable parameter, bias. The purpose of the distortion is to balance the output positively or negatively. This process allows the network to map more realistic types of dynamic data. This concept can be visualised like "knobs", which can be turned to tune or change the output. The network needs both bais and weights because each impacts the neuron output uniquely [7]. As shown in fig.5, except for the three hidden layers, we have two more: input (x1,x2) and the output layer, in this case, is represented by the dataset pattern for visualisation. While the data entered into the input can be "raw" unprocessed state (it usually is processed, the data must be in numerical form. To achieve this, we use either or both scaling and normalisation functions. The ultimate goal of a neural network is to adjust the weights and biases (parameters) so that when the 
Is applied to an invisible example of the input, it will produce the desired output. When training a supervised 
machine-learning algorithm, we will show an example algorithm for the input and the 
Associated desirable output associated with it. The main problem with this concept is overfitting. The algorithm only learns to fit the training data and does not "understand" anything about the underlying input/output dependencies. The network basically "remembers" only the training data. 
Therefore, we tend to train the model using the data in the sample and use the data outside the sample to validate the algorithm or neural network model in this case. A certain percentage is reserved for both datasets to split the data. For example, if we have a dataset with data and 10,000 sample labels, get 1,000 immediately and save them as "out of sample" or "validation" data. Then train the model with other 9,000 in-sample data or "training" data, and finally validate the model with 1,000 out-of-sample data that the model has not yet seen. The goal is not only for the model to accurately predict the training data but also to be equally accurate while predicting the out-of-sample validation data that is being held. This is called generalisation and means learning to fit the data rather than storing it. The idea is to "train" (slowly adjust weights and biases) the neural network with many samples of data. Next, we expect to get non-sampled data that has never been presented to the neural network and expect that data to be accurately predicted as well.
Figure 5 Neural Network (source: www.playground.tensorflow.org)
[image: ]
Neural networks have recognised as essential parts 
[bookmark: _Toc98535613]Social Link Behavior
A social media behaviour prediction is a special link prediction prediction that aims to predict potential new connections within the social network in the near future and is explored by many researchers in our real-life social networks, such as Twitter [9]. Traditional unsupervised methods are based on previously described similarities or topological properties between two nodes, for example, the most commonly used common neighbours, Leicht-Holme-Newman index [9], as well as algorithms based on the node level. In contrast to unsupervised methods, surveyed models view visible links as positive samples while relating to unseen links as incorrect samples and generally perform better than unsupervised methods. However, in the real world, as each user only connects to limited social users, the user's network activity is very limited. To answer this question, some researchers are utilising a number of factors to reduce sparsity data. For example, Tang et al. thoughtful behaviour will affect the behaviour of the social link; therefore, they proposed hTrust for trust prediction [10]. Similarly, Beigi et al. suggested that emotions are more important when building relationships between users; see consideration of the emotional impact when making predictions of trust. Besides, some researchers argue that social networks are not static. With the advent of social networks, researchers too temporary information gained from the link prediction function [10]. Unlike the above methods, many models of embedded graphs have emerged in recent years. These activities aim to study the low-level submissions of the notes with the aim of preserving topology knowledge. Most of them do not just match the first-order links that are connected (neighbour relationships) but also consider high-level intimacy (topological information network). These hidden readings are friendly to the following programs and show better performance in the predictive link function [9]. Today, with the development of in-depth learning, researchers are now focusing on applications of artificial neural networks. Researchers proposed a method based on autoencoder link prediction [10]. Besides, due to the complex and distinctive features of social networks, Cao et al. [11] integrated multiple network functions and proposed an integrated model called the Multi Neural Network (MNN), which assigns each neural network to each function to improve performance. Also, in order to better maintain high-quality information, there are several ways to connect to a network take advantage of in-depth study. Topology information can be stored via autoencoder [12], and it can be considered as a graphical embedding method for a deep neural network. Also, Heterogeneous Network Embedding (HNE) have been tested and used to store a wide range of final tasks for network data [12]. Specifically, HNE is a widely used embedded multi-layered embedded function to capture complex interactions between heterogeneous data in a network. These models of the deep neural network have shown a promising approach to connect the predictive function.
[bookmark: _Toc98535614]Quality of Experience
Quality Assurance (QoE) is a complex, saturated concept about a number of interrelated domains, such as system performance, science, anatomy, etc., and contextual factors in where, when and how the service is used. In all of these difficulties, they are often treated in  a straightforward manner based on statistical analysis, basically by looking at the averages and perhaps the general deviations and confidence intervals. The EU Qualinet community defines Quality of Experience as "the degree of delight or annoyance of the user of an application or services" [2]. This means that this metric results from meeting users' expectations in relation to the utility or enjoyment of the services [2] in relation to the users' state or personality. In simple terms, the user's perspective is very important when developing a model to estimate QoE metrics in a social context network. Recommendation by ITU-T P.10/G.100 states that QoE assessment is a process that takes into consideration various factors that may influence the end-user [8], and service providers can use such a model to monitor and assess services factors that affect the services distribution procedure [2]. As a metric used in machine learning algorithms, QoE requires a multidimensional approach; the output of such a model can be impacted by social factors, global economics, communication technologies, and computer science. Most academic studies emphasise network and application metrics, but view count, comments, and ratings are publicly available with the rise of social media providers. These public and easy to follow statistics must be considered in the development of a predictive model because they can change users' perception of specific content. Another metric to consider is the loyalty of users to specific content and its affiliation whit others. How strong or weak this affiliation is, has been shown to influence new decisions of users and their social neighbours; this phenomenon is also known as social link behaviour [9]. The mean opinion score (MOS) is the most popular measurement in the domain of Quality of Experience; it denotes the general quality of stimulus or a system [2]. Commonly used but not limited to measuring QoE in video, audio, and audiovisual content, there are several ITU-T ways to refer to a MOS depending on the source [2]. Depending on the rating scale MOS is expressed as a single rational number, usually, 1-5, where one is the lowest and five highest score [14]. Using intermediate values ​​(such as MOS) may be sufficient for other application areas, for example, comparing the efficiency of different media encoding methods (where quality is not the only consideration, or second only), or if only one simple. Required quality indicator (e.g., other monitoring dashboard applications). For many other applications — especially from a service provider's point of view — however, MOS values ​​are inadequate. Ratings only consider — well — the ratings and do not provide a way to address differences between users. As an extreme example, if the MOS of a particular service below a given situation is 3, it is impossible to know whether all users see the quality as acceptable (every 3 points), or perhaps half of the users rated five quality at a time. The other part equals 1, anything in between, in principle. To some extent, this can be reduced by estimating user rating variables by using standard deviation. However, the question most often faced by service providers is: "Given the similarities, are at least 95% of my users satisfied with the quality of service they receive?". As we will see, it is a common occurrence [14] that means quality values ​​are shown to be acceptable or better (e.g. MOS 3 or higher) that hides a large percentage of users who think the quality is unacceptable. This creates a problem for the service provider (who may receive customer complaints despite seeing limited quality as "good" in their monitoring systems), as well as users, who may receive low-quality service while the provider is unaware of the problem, or worse, believe the problem is rooted outside their system.
[bookmark: _Toc98535615]Methodology
[bookmark: _Toc98535616]Summary
This section discusses research methodology and tools used for data analyses and coding.
[bookmark: _Toc98535617]Research methodology
This research nature has guided us to choose a combination of Qualitative-descriptive and Quantitative-exploratory research methods with experimental research design. This type of research is used to gain an understanding of the underlying reasons and options of a specific topic. Recent studies show that this is the most wildly used approach in the sphere of machine learning studies and research. The material in this report was collected from credible source journals, books, online statistical websites. The nature of the topic in this project requires a combination of methodology because the wide range of information available in quantitative methodology seems appropriate. At the same time is required selection of previous research, for the purpose of knowledge accumulation and assessment of the progress in this field. The aims and final goal is a novel area for the author; therefore, assessing the progress will be done by experimenting and evaluating results. The need to analyse and compare datasets requires flexibility again, and therefore methodology whit a shallow spectre would be inappropriate for reaching the milestone and the end goal. In the life cycle of the project, one of the main tasks will be searching, reviewing, and analysing credible literature, and the qualitative method fits well in this aspect of the work. The experimental approach is defined by C. R. Kothari as the process of examining the truth of a statistical hypothesis [15]. Comparative experiments, on the other hand, are undertaken when talking of the design of experiments. 
[bookmark: _Toc98535618]Software and Tools
[bookmark: _Toc98535619]Data Analyses
For dataset analyses, there are multiple tools and platforms available like, for example, Knime, an open-source analytical, reporting and integration platform, a very comprehensive tool, but the hardware platform used for project development does not provide enough resources to be used optimally. Therefore, an alternative called Orange, a component-based visual programing software mainly used for data visualisation, machine learning, data mining, and data analyses. An example is shown in fig.6, where we used Orange to plot the correlation between views and dislikes in the dataset.
Figure 6 Orange scatter plot
[image: ]
Soon after the analyses of the dataset started, an issue was found. The dataset was a collection of different regions, and every region used a different language, which led to multiple errors in the analytical tool. Therefore regions like Great Britain (GB) and the United States of America (USA) were used, which prompted changes to the development process.
[bookmark: _Toc98535620]Coding
For the coding development language, Python has proven in many research works to be an excellent choice for a project in this machine learning field. The code editor chosen was Atom, a free, open-source editor with build in Git control—built by GitHub, with many free extending packages and extensive community-based support. The predictive algorithm pseudo-code for QoE is shown in fig. 7, the end goal of the project. However, in light of the conclusion reached while examining the QoE assessment approach, it was abundantly clear that the scope of this project will have to be a literature survey. This has been shown to be necessary because of the time limitation of the project's life cycle.
Figure 7 QoE Pseudo code [2]
[image: ]
[bookmark: _Toc98535621]Dataset Description
The dataset chosen contains several months of data on daily trending Youtube videos; it is divided into regions whit each region marked whit the country's initials GB for Great Britain and so forward. It was structurally improved compared to the raw dataset whit classification methods. This platform was chosen because of the diversity of its content, the popularity of the platform, and the large number of platform users. Each region's data includes video title, channel title, publish time, tags, views, likes and dislikes, description, and comment count. This dataset is not comprised of most-viewed videos overall; instead, YouTube uses a sequence of factors like user interaction and engagement to determine trending content on the platform. The metadata was collected using Youtube API. Potential applications consist of but are not limited to:
· Categorising YouTube videos based on statistics and comments.
· Sentiment analysis in a wide range of forms.
· Analysing factors that affect the popularity of content
· Statistical analysis over a more extended time period.
· Training machine learning algorithms and neural networks.
A set of data compiled from the web is made up of two types of parameters. The first trending metrics represent video properties posted on YouTube, such as how most of the time the video is viewed, the number of comments, the number of likes or dislikes, and the second metrics measure user interaction in terms of integrated video viewing time from upload. We first evaluated its distribution, after which, based on the associated analysis, we selected the most relevant factors that could affect user satisfaction understand the relationship between view behaviour, user engagement, and other metrics of popularity. A notable large percentage of users do not watch the entire length of the videos. This confirms findings in research like [13], where users that tend to watch trending videos do not consume the entire content. Consequently confirms findings that the average full-length watch percentage does not correlate with the total view count [13]. Metric mentioned previously, popularity which correlates whit view count, affects mainly the decision of the user to click on the video. At the same time, data showed that content quality is highly correlated to users' engagement detention. Simply put, the higher the video quality, the higher the percentage of users watching the full video. But when the view count was plotted, users watched a wide variety of videos in terms of the category but prioritised where high view count videos. This shows that for the initial interest, high popularity videos play an essential role in the users' initial decision. In light of these findings, the data confirmed this relationship between quality and content engagement, which helped select relevant attributes for the development of the algorithm.
[bookmark: _Toc98535622]Analyses
[bookmark: _Toc98535623]Summary
This section covers problem formulation, critical evaluation of existing solutions, and future directions of the development process.
[bookmark: _Toc98535624]Problem Formulation
In the last couple of decades, communication technologies have substantially developed, the internet has become an essential part of the daily life of almost everyone. Alongside this development, providers have started enabling the end-user to share multimedia content [2] such as live video streaming, short video sharing, live television, and significant events global live streaming. This trend has created a significant popularity rise of platforms like YouTube, Facebook, Netflix and many more video hosting platforms. Therefore, competition between these platforms to meet users' expectations and preferences has rapidly increased. Also, video streaming and sharing have been observed to be significant contributors to global internet traffic; in 2010, 71% of users watched online videos [3] compared to 33% in 2006. Thus, it is in providers' and network operators' best interest to find a way to meet user needs. Statistics have shown that not meeting user needs and expectations have led to a higher than expected churn rate and decreased income for services providers [2]. Most of the work in this area considered network quality of services (QoS) as a measurement or indicator for the quality of experience (QoE). However, QoS does not correlate well whit users' expectations. A large part of studies overlooked factors such as context, social influence, and user content expectations when examining QoE metrics. The main factor for this is that QoS concerns itself whit application performance [1], such as frame rate, resolution and network parameters like delay, bandwidth, and packet loss. But as mentioned in the previous section, QoE should place more emphasis on the metrics that can change user perception. Not much is known about these factors in relation to machine learning. Thus the main direction of the project will be to accumulate an understanding of this social context aspect of the model. Furthermore, popularity metrics such as view count and positive ratings have shown close relation whit engagement and satisfaction metrics, important factors when developing QoE predictive model. The continuing popularity of deep learning and neural networks has shown a new potential field, and we can see new research in this area demonstrate some excellent methods and techniques to utilise these tools. A great example can be seen in [9], where authors discuss popular trends in neural networks used for predicting users' behaviour in the context of social networks, in light of social networks evolving into an essential part of our daily lives. Since the introduction of social networks, we can track some crucial changes in the way users, individuals and organisations interact whit communication technologies. These changes have led to the transformation of social networks, from means to communicate to a potent tool for manipulating the perception of a large number of individuals about specific content. Thus in this social network age, it is essential for organisations to understand their user base and to find a way to satisfy its expectations.
[bookmark: _Toc98535625]Evaluation
Quality of Experience (QoE) is a complicated notion with nuances including multiple interconnected disciplines, such as system performance, psychology, analytics, as well as contextual factors such as where, when, and how a service is utilised. Despite its complexity, it is frequently addressed in the most straightforward way possible in terms of statistical analysis, with averages, standard deviations, and confidence intervals shown to be the most frequent results. This section will discuss the conclusions reached after researching literature related to the topic of this report. Notable research found in the area of user's habits and behaviour analyses include "A Joint Neural Model for User Behavior Prediction on Social Networking Platforms" [9], "A First Step Towards Understanding Popularity in YouTube" [13]. Both works fiding patterns concerning popularity strongly correlated whit factors like total view count, ratings, and social collaboration. The same patterns were observed in the dataset chosen by this project but also found patterns concerning daily and weekly schedules as did [13], even with different data collection techniques. Most of the works reviewed emphasised the user's behaviour psychology, which was realised too late in this research and made the task more complicated than it should be. Despite this, the conclusions and results derived from the dataset analyses are similar to the research undertaken by more experienced individuals in the experimental research sphere. The research process three primary categories of works can be clearly found; first is papers that focus on the human side of this area, in other words, the social interaction between humans and the platform. The second type can be described as a work emphasising the machine learning aspect, testing metrics and algorithms, analysing previous solutions and presenting methods that should improve it. And the third type focuses on neural networks, simple by nature but whit very complex internal working mechanisms. At this point in time, QoE can be divided into several mainframe parts as follows: QoE description and influence dynamics, QoE quantification method, QoE assessment principles, QoE network management, and QoE assessment style and modelling. This project had too broad of scope thus missed some of the not so apparent parts in researching the QoE metric. Some of the subjective and objective influence factors essential for the successful realisation of QoE had been overlooked. Mainly some of the factors challenges and how they influence the user's view of QoE [16], and how to identify complete set integrated converged resource evaluation strategies. The research of QoE influence factors is of essential importance for assessing QoE because the goal of this assessment is to predict the QoE metric. But the multidisciplinary nature like social psychology, cognitive science, economics, computer science, just to name a few. And because researchers restrict, in most cases, QoE in some focused environment, made the process very time consuming and complex. Therefore comprehensive discussion and literature survey is needed, which in the time limit of the life cycle of the project had made the end goal much more difficult to achieve.
[bookmark: _Toc98535626]Conclusion
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 we developed a methodology for expressing QoE based on relevant data. The implementation of deep learning systems requires the use of neural networks (NNs). These networks can simulate a tremendous amount of densely interconnected neurons using a machine in a simplified method. NNs were first used to represent biological brain networks, but they failed to provide substantial results. Other approaches were then utilised, which resulted in better results. NNs are now mostly software simulations that are built using traditional computer programming. This project attempts to utilise NNs to capture dynamic user behaviour characteristics of a medium-sized dataset by first analysing the data for patterns that will be used to evaluate the network performance. In the development process, several issues were found regarding the dataset, which we have discussed earlier. 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, the end goal was unreachable, and the focus of the report focused on the relevant literature survey. For future projects, pre-project research should be the first step in deciding the goals and time necessary for review and development. In perspective, if allowed more time, finishing this development seems achievable whit the knowledge and skill developed in creating the report. Several aspects that should be changed are incorporating more literature focused on social psychology, understanding concepts in this field would prove helpful in evaluating findings derived for the datasets.
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: #PreparingTheData
daf atasets.load () #load the dataset
’ alculateCorrelationMatrix()
a_popu = highlyCorrPopularityMetric(corr)
b_eng = highlyCorrEngagementMetric(corr)
c_netw = highlyCorrNetworkMetric(corr)
: normalizationOfData(a_popu, b_eng, c_netw)
: #define weight parameters

: Initialize: «a, B, 7 an array, with values in range [01,02], where n =
length(columnOfDataset )
10: for i:1:n do
11:  forj: 6 : 0, do
12: if (a0, x apopuli]) — QoE) ~ 0 then save(d;i])
13: else repeat
14: end if
150 end for
16: end for
17 a_Value = mean(a)

18: #Apply instructions from 9 to 15 to calculate f_value, y_value
19: #calculateFictiveMOS

20: fori:1: M do

21:  Interest_rateli] = a_value x a_populi] + B_value x b_engli] +v-value x c.netw[i]
22: end for

23: AddToDataset (interest rate)

24: FictiveMOS = DivideIntoFiveLevelScale(interest rate) ~ # scale from bad to excelent
25: Htestimation of Qo

26: train = dataset|[: t]

27: test = dat : ]

nMachineLearningAlgo(train)  # Decision Tree, Random Forest, KNN
29:  EstimatedFictiveMOS = model.predict(test)
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