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Abstract 
This study employed soft-computing models namely, support vector regression, k-

nearest neighbor, random forest, and classification and regression tree in the 

evaluation of quality of experience in wireless communication networks. Dataset 

comprising of 450 data points, 7features and 1 label was simulated and 

partitioned into train set and test set for use in training and testing the four (4) 

machine learning models. The performance of these models were evaluated using 

means square error (MSE), mean absolute error (MAE), root mean square error 

(RMSE), and coefficient of determination (R2). The results showed that support 

vector regression out performs other models in evaluating the quality of 

experience in wireless communication network with coefficient of determination 

(R2) value of 0.972866508, followed by K-nearest neighbor with R2 of 

0.903615309, random forest with 0.854493413, and classification and regression 

tree with R2 of 0.674026865. Model ranking was carried out and Support Vector 

Regression was selected as the best model for effective evaluation of quality of 

experience in wireless communication networks. 
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Introduction 
The Internet has gradually evolved from 

a small network where connectivity was a 

key, to a large media-rich network in 

which the user is placed more and more 

central. Users do not only just consume 

content, but have also started actively 

producing content. Hand-in-hand with 

this evolution to a media-rich Internet, the 

user requirements have transcended 

requirements on connectivity and users 

now expect services to be delivered in par 

with their demands on quality. Research 

on how to measure user Quality of 

Experience (QoE) has consequently also 

blossomed in recent years.   

Quality of Experience (QoE) is a measure 

of the delight or annoyance of a 

customer's experiences with a service 

(e.g., web browsing, phone call, TV 

broadcast) (Callet et al., 2013). QoE 

focuses on the entire service experience; 

it is a holistic concept, similar to the field 

of user experience, but with its roots in 

telecommunication (Ina & De, 2014). 

QoE is an emerging multidisciplinary 

field based on social psychology, 

cognitive science, economics, and 

engineering science, focused on 

understanding overall human quality 

requirements.  

Quality of Experience (QoE) can also be 

referred to as the overall acceptability of 

an application or service, as perceived 

subjectively by the end-user (Osipov et 

al., 2010). QoE thereby includes the 

complete end-to-end system effects 

(client, terminal, network, services 

infrastructure, etc.), where overall 

acceptability may be influenced by user 

expectations and context. Therefore, the 

aim of QoE has taken into consideration 

every factor that contributes to a user's 

perceived quality of a system or service. 

This includes system, human and 

contextual factors (Reiter et al., 2014a). 

The user requirements have transcended 

requirements on connectivity and users 

now expect services to be delivered in par 

with their demands on quality putting 

pressure on service providers. The overall 

acceptability of a service may be 

influenced by user expectations and 

context, hence a need to study and 

measure user’s quality of experience. 

However, since QoE as a subjective 

measure, properly measuring QoE should 

therefore involve tests with actual users; 

this is a time-consuming and costly 

process.   Hence, as a measure of the end-

to-end performance at the service level 

from the user's perspective, QoE is an 

important metric for the design of 

systems and engineering processes 

(Florin et al., 2013). When designing 

systems, the expected QoE, is often taken 

into account – also as a system output 

metric and optimization goal.  

Therefore, in this research work, we 

develop a soft computing model for 

evaluation of quality of experience which 

employs several machine learning 

models, a sub-field of artificial 

intelligence (namely – Support Vector 
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Regression, Random Forest, K-Nearest Neighbor, and Classification and Regression 

Tree) to provide a lasting solution to the problem of customer’s dissatisfaction which 

in turn benefits both the service providers and customers alike in 4G wireless 

communication network. With the ability to measure the level of 

satisfaction/dissatisfaction from the customer’s perspective, service providers are able 

to make technical changes that impact not only on quality of service but also quality 

of experience to evaluate the user’s quality of experience. These models are trained 

with a simulated QOE dataset. The performance of each model is evaluated based on 

their coefficient of determinant (R2), and the best model is selected. This work is 

implemented using python and R programming languages. 

The ability to measure QoE would provide network operators with some sense of the 

contribution of the network’s performance to the overall customer satisfaction, in 

terms of reliability, availability, scalability, speed, accuracy and efficiency. Working 

on the concept of QoE and integrate it in network decisions ensures a high customer 

satisfaction with minimum network resources 

The remaining part of this paper is structured as follows: section 2 provides the 

researcher objectives section 3 presents the work – soft computing model for 

evaluation of quality of experience in wireless communication, Section 5 presents the 

evaluation of each model used and discusses our simulation results. Finally, Section 6 

present the conclusion of the paper and highlights paths for the future enhancement of 

this work. 

 

RESEARCH OBJECTIVES 

The aim of this research work, which has been recognized based on the stated problem 

in the introduction, is to simulate a dataset for evaluation of quality of experience in 

wireless networks and develop supervised machine learning models for evaluation of 

quality of experience in wireless communication network. Afterwards, train the 

developed models using the simulated dataset to improve the quality of service (QOS) 

in 4G wireless communication network which will help to to increase the network 

user’s satisfaction and support service providers to make technical changes that impact 

not only on quality of service but also quality of experience to evaluate the user’s 

quality of experience. 

 

MATERIALS AND METHOD 

A.  Methodology 

Below is the methodology employed in this research work: 

STEP 1:  Data Collection – Collection of relevant for use in QOE estimation via 

simulation  
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STEP 2:  Data Analysis – visualization of simulated dataset to aid in data 

understanding and correlation check using the python programming 

language.  

STEP 3:  Model Training and Testing – Develop, train and test four (4) machine 

learning regression models (Support Vector Regression, Random 

Forest, K-Nearest Neighbor, and Classification and Regression Tree.) 

against the QOE dataset in STEP 1 using R programming language.  

STEP 4:   Performance Evaluation – Evaluate the performance of the trained 

models in STEP 3 using standard regression performance metric – 

MSE, MAE, RMSE, and Coefficient of Determination (R2).   

STEP 5:  Model Selection – Rank the trained models in Step 3 and select the best 

models using Coefficient of Determination (R2) as criteria.  

STEP 6:  Model Predictions – Evaluate the quality of experience of a given 4G 

network using the selected (best) machine learning regression model in 

STEP 5.  

B. The Proposed Model 

The Proposed Model for evaluation of Quality of Experience in wireless 

communication networks is made up of the dataset, data visualization, model training 

and testing, model selection, and the predicted outcomes. The overall framework of 

this system is presented in Figure 1.  

 
Figure 1: System Framework 

 

STEP 1 – DATA COLLECTION: Quality of experience dataset is gotten through 

simulation. The simulated data is made up of seven (7) features – bandwidth, Delay, 

Jitter, Packet Loss, Level of Support, Service Availability, and Service Retainability. 

The simulation is carried out using Microsoft Excel 2010.   
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STEP 2 – DATA VISUALIZATION: The QOE dataset is visualized to bring out 

hidden characteristics from the dataset. The correlation between the data features and 

the label (i.e. QOE) is computed using the python programming language.  

STEP 3 – DATA PARTITIONING: The QOE dataset is partitioned into training set 

and test set. The training set is made up of 70% of the entire dataset while 30% is used 

for model testing.  

STEP 4 – MODEL TRAINING: The training dataset in Step 3 is used in the training 

of the four (4) different machine learning models for evaluation of quality of 

experience in wireless communication networks. The models employed in this work 

are – Support Vector Machine (SVM), Random Forest (RN), K-Nearest Neighbor 

(KNN), and Classification and Regression Tree (CART). The models are trained to 

classify quality of experience. Evaluation of quality of experience is a special case of 

a regression problem.   

  

STEP 5 – MODEL EVALUATION: The trained models in Step 4 are evaluated 

using the test dataset. The performance of these models is evaluated using mean square 

error (MSE), mean absolute error (MAE), root mean square error (RMSE), and 

coefficient of determination (R2).  

STEP 6 – MODEL SELECTION: The trained models in Step 4 are ranked based on 

their performance (R2). Model with the highest coefficient of determination is selected 

as the best model.  

STEP 7 – MODEL PREDICTIONS: The predicted result from test dataset 

comprises of quality of experience predicted by the machine learning models.  

 

C. QOE Dataset  

The dataset used in this work is simulated from the QOE model adopted from 

(Muhammad- 

Sajid et al, 2017) in “Quality of Experience Paradigm in Multimedia Services”. The 

QOE model is presented below;  

  
Where:   

D denote the Delay, 

P is the Packet loss.  

 

The dataset comprises of seven (7) features namely:  I. User bandwidth ii. Delay Jitter iii. Packet 

loss   IV. Level of support v. Service availability VI. Service retainability  

The dataset is made up of 450 data points, with 70% used for training and 30% used 

for testing. The sample dataset for the evaluation of Quality of Experience in wireless 

communication networks is presented in Figure 2.   
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D.  PREDICTION MODELS 

 Machine learning models employed in the evaluation of quality of experience in 

wireless communication networks are Support Vector Regression (SVR), Random 

Forest (RF), K-Nearest Neighbor (KNN), Classification and Regression Tree (CART). 

These models are discussed below: 

a) Support Vector Regression 

Support Vector Regression (SVR) algorithm employed in this work is presented in 

Figure .2.  

 
Figure 2: Structure of Support Vector Regression 

From the SVR structure in Figure 3.2, the output of an SVR algorithm is presented as;  

  
The dot product is given as;  

    

Where:   ,  are the mapped vectors.  

The SVR algorithm is presented below;  

Given dataset with  dimensional features and a target variable (real number)  

  

Where:   

The objective is to find a function , with at most -deviation from the target .  

The relationship between  and  is non-linear, hence a non-linear support vector 

regression model is formulated as maximization problem;  

  
Such that:  
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Where:  

: are the model weights  

  : mapping function computed using Radial Basis Kernel function .  

RBF Kernel   

: Called the complexity, is the number of 

support vectors : Epsilon.  

Prediction is done by solving;  

  
Where:  

: is the predicted crop yield  

: is the models weight  

: is the Kernel Function  

5. : is the bias  

b) Random Forest (RF) 

Random forest is a good option for regression and best known for its performance in 

classification problems. Furthermore, it is a relatively easy model to build and does 

not require much hyper parameter tuning. This is because the main hyper parameters 

are the number of trees in the forest and the number of features to split at each leaf 

node.  

 

Random Forest Classification Algorithm 

STEP 1: Randomly select k features from total m features.  

Where k << m  

STEP 2: Among the “k” features, calculate the node “d” using the best split 

point.  

STEP 3: Split the node into daughter nodes using the best split.  

STEP 4: Repeat 1 to 3 steps until “l” number of nodes has been reached.  

STEP 5: Build forest by repeating steps 1 to 4 for “n” number times to create 

“n” number of trees.  

 

Random Forest Classification Algorithm 

To perform prediction using the trained random forest algorithm uses the 

pseudo code.  
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STEP 1: Take the test features and use the rules of each randomly created 

decision tree to predict the outcome and stores the predicted outcome (target)  

STEP 2: Calculate the votes (majority voting) for each predicted target.  

STEP 3: Consider the high voted predicted target as the final prediction from 

the random forest algorithm.  

 

To perform the prediction using the trained random forest algorithm we need to pass 

the test features through the rules of each randomly created trees.  

c) K-Nearest Neighbor (KNN) 

The KNN algorithm is based on the observation that a sample that has features that are 

similar to the ones of points of one particular class belongs to that class. These points 

are known as nearest neighbors. K represents the number of training data points lying 

in proximity to the test data point which is used to find the class.  

 The parameter k specifies the number of neighbors (neighboring points) used to 

classify one particular sample point. Finally, the assignment of a sample to a particular 

class is done by having the k neighbors considered to "vote". In this fashion, the class 

represented by the largest number of points among the neighbors ought to be the class 

that the sample belongs to.  

 Some of the important properties of the KNN algorithm are listed includes:  

1. The KNN can be used to classify data without requiring model building; 

this is called "instance-based learning".  

2. A measurement of the distance between data points should be available  

3. The KNN classification is based solely on local information (only the k 

nearest neighboring data points are inspected during the classification 

process).  

4. The decision boundaries produced by the KNN classification can be of 

arbitrary shape  

5. The classification is sensitive to the correct selection of k. If k is too small 

it will lead to "over-fitting"  

Steps taken to implement the KNN algorithm is as follows: 

 

 

1. Load the training and test data   

2. Choose the value of K   

3. For each point in test data:   

o find the Euclidean distance to all training data 

points  o store the Euclidean distance in a list and sort 

it  o choose the first k points  
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4. assign a class to the test point based on the majority of classes present in the chosen 

points  

The KNN Algorithm's pseudo-code is shown below 

Consider k as the desired number of nearest neighbors and  be the set of 

training samples in the form , where  is the d-dimensional feature vector 

of the point  and  is the class that  belongs to. For each  p'=(x',c')  

Compute the distance d(x′,xi) between p′ and all   belonging to D  

Sort all points  according to the key d(x′,xi)  

Select the first k points from the sorted list, those are the k closest training 

samples to p′  

Assign a class to p′ based on majority vote:   belonging 

to   

End  

 

d) Classfication and Regression Tree (CART) 

 

A decision tree is a flowchart-like tree structure where an internal node represents 

feature (or attribute), the branch represents a decision rule, and each leaf node 

represents the outcome. The topmost node in a decision tree is known as the root node. 

It learns to partition on the basis of the attribute value. It partitions the tree in 

recursively manner call recursive partitioning. This flowchart-like structure helps in 

decision making.  

 Decision Tree is a white box type of ML algorithm. It shares internal decision-making 

logic, which is not available in the black box type of algorithms such as Neural 

Network. Its training time is faster compared to the neural network algorithm. The 

time complexity of decision trees is a function of the number of records and number 

of attributes in the given data. b. How it works  

Decision tree algorithm is based on the following steps;  

STEP 1: Select the best attribute using Attribute Selection Measures (ASM) to split the 

records. a. Information Gain  

b. Entropy (for ID3) and Gini Impurity (for CART)  

c. Gain  

STEP 2: Make that attribute a decision node and breaks the dataset into smaller 

subsets.  

STEP 3: Starts tree building by repeating this process recursively for each child until 

one of the condition will match:  

b. All the tuples belong to the same attribute value  

c. There are no more remaining attributes and there  

d. There are no more instances 
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IV. RESULTS AND DISCUSSION  

In this section, the result gotten form data simulation and model training is presented. 

The results include – simulated dataset, model prediction numerical and graphical 

results, model performance and model ranking and selection result. These results and 

their interpretation are presented below: 

A. QOE dataset: The QOE dataset simulated for the purpose of this work comprises 

7 features, 1 label, and 450 datapoints. The except of this dataset is presented in Figure 

3 

  
Figure 3: QOE Dataset  

 

From Figure 3, it is observed that the QOE dataset comprises of user bandwidth, delay, 

jitter, packet loss, level of support, service availability, and service retainability as 

features while QOE is the data label. The data in the dataset where simulated based on 

the standard range as presented in Table 1 below 

 

Table 1: Feature Boundaries 

Feature  Value  

Range  

UserBandwidth  5-20 Mhz  

Delay  0-300 ms  

Jitter  0-30 ms  

packet loss  0-100 %  

LevelOfSupport  0-100  %  

ServiceAvailability   0-100 %  

ServiceRetainability  0-100 %  

QOE  0-100 %  

 

B. Model Training and QOE Prediction : The following models – Support 

Vector Regression (SVR), Random Forest (RN), K-Nearest Neighbor (KNN), and 

Classification and Regression Tree (CART) where trained with 70% of the dataset 
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called the trainset. The evaluated quality of experience from each of these models in 

comparison to the actual quality of experience is presented in Table 2.  

 

Table .2: Model Predictions  

INPUTS      

 

EVALUATED QOE   

 

  

 

 

 

 
 

 
 

8  126  14  16  63  84  48  52.791  53.234  55.877  56.508  54.325  

9  90  26  42  51  61  68  52.916  53.105  56.769  54.850  58.928  

6  25  15  34  64  92  62  63.947  63.43  63.602  63.210  67.398  

12  133  26  27  69  57  73  56.50  55.276  55.956  55.560  50.213  

19  62  30  24  72  52  54  58.927  58.76  59.804  60.014  58.928  

15  45  6  46  82  62  97  67.768  66.734  68.130  67.879  71.572  

14  185  15  40  58  74  71  50.951  50.741  54.640  52.941  54.325  

5  130  15  5  54  60  80  52.481  51.9  54.299  51.382  50.213  

8  56  30  49  80  66  55  60.779  61.261  60.410  62.165  58.928  

12  131  23  37  97  76  66  64.832  64.598  63.222  66.664  62.251  

13  188  2  11  64  87  53  49.688  52.413  54.883  52.912  54.325  

16  6  21  8  65  87  94  79.549  77.760  73.115  78.417  76.643  

13  190  2  26  97  68  63  54.038  53.253  55.891  52.855  47.925  

16  61  5  19  50  88  79  62.236  62.964  63.253  62.40    60.122  

8  97  6  10  57  95  95  66.303  66.310  66.218  64.838  71.364  

16  152  10  45  70  52  70  49.583  48.207  53.663  51.769  50.213  

10  0  13  33  79  60  87  68.525  67.999  65.624  69.600  61.314  

15  185  24  39  51  89  77  56.385  58.704  58.654  58.859  54.325  

6  143  23  38  58  98  57  56.253  57.773  57.669  58.734  59.960  

18  51  28  0  63  76  84  72.703  71.576  67.768  74.520  76.643  

8  140  6  10  89  64  97  63.804  64.145  63.649  65.314  68.808  

7  186  19  17  88  89  73  62.527  62.891  61.33  61.411  62.251 

14  18  28  26  97  88  89  86.194  83.337  78.402  78.699  76.643 

13 107  25  46  86  95  95  76.02      75.608       69.904       76.350 68.808 

 

14 54  18  11  94  75  86    76.737       77.933      73.840  75.136 76.643  

9  133  24   33  65  77  63  56.337  54.962  56.346  56.869  54.325  

6  4 8  48  58  70  79  59.512  59.107  61.030  55.669 60.122  

17  18  20 42  76  100  92  81.757  79.548  76.278  77.888 76.643  

13  91  9  27  72  75  79  62.171  60.939  64.007  61.937 67.398  

9  66  8  44  81  100  69 67.616 67.703  66.164  64.020 67.398  
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From Table 2, it is observed that high values of delay and packet loss negatively impacts 

on network quality of service while high values of service availability, service 

retainability, level of support, user bandwidth positively impacts on the quality of 

experience. The model’s predictions are presented graphically on the next page;  

 
Figure 4: Model Prediction 

From Figure 4, we can observe that support vector regression (SVR) accurately 

predicts quality of experience as compared to the actual quality of experience from the 

test dataset 

 

c. Model Performance: The ability of each machine learning model to accurately 

predict the quality of experience given a new dataset is evaluated using Mean Square 

Error, Root Mean Square Error, Mean Absolute Error, and Coefficient of 

Determination (R2). The performance of these models is presented in Table 3.  

  

Table 3: Model Performance on QOE Test Dataset  

 MSE  RMSE  MAE  R2  

SVR  2.040487  1.428456  1.003937  0.972867  

RF  10.94235  3.307923  2.639286  0.854493  

CART  24.51376  4.951137  3.99472  0.674027  

KNN  7.248301  2.692267  2.077246  0.903615  

 

From Table 3, it is observed that SVR has the best performance/accuracy in predicting 

the quality of experience of 4G wireless communication networks followed by KNN, 
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RF, and then CART. The performances of these models are presented graphically in 

Figure 5.  

  

 
Figure 5: Showing the Comparative Analysis of each model. 

  

From Figure 5, it is observed that SVR outperforms all other models in terms of MSE, 

RMSE, MAE, and R2. Hence Support Vector Regression is recommended effective 

evaluation of quality of experience.  

  

D. Model Selection: The best model is a model with the highest coefficient of 

determination. The graph below ranks our machine learning model in order of its 

performance.  

Coefficient of  

 
 SVR KKN RF CART 

 Figure 6: Model Ranking 

  

From Figure 6, SVR is the best model with coefficient of determination (R2) of 

0.972867  

  

    

    

0 

0.5 

1 

1.5 

Determination (R 2 )   

R2 
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CONCLUSION AND RECOMMENDATIONS  

Conclusion  

A soft-computing approach to quality of experience evaluation in wireless 

communication network was modelled to bring solution to user dissatisfaction and 

help service providers measure user satisfaction in order to improve on certain aspect 

of the service that positively impact on the quality of experience.  

This research started with highlighting the problems associated with quality of 

wireless communication network taking into account user’s perspective. The aim and 

objectives of the research was set – they included simulation of quality of experience 

dataset necessary for machine learning training, partitioning of data for training and 

testing, development of four (4) machine learning models, evaluating the performance 

of this models on the QOE dataset, ranking and selecting the best model.  

 The step by step methods to follow in order to successfully execute this work was also 

set out. The main aim was to develop a soft-computing model for the evaluation of 

quality of experience. After an in-depth review of the study area, machine models – 

support vector machine, random forest, k-nearest neighbor, and classification and 

regression tree models where developed. These models were trained and tested using 

the QOE test set. The performance of these models were evaluated using mean square 

error, mean absolute error, root mean square error, and coefficient of determination 

(R2). The models were ranked and the best model selected.  

This system is able to accurately predict quality of service with R2 performance of 

0.972866508 for SVR, 0.903615309 for KNN, 0.854493413 for RF, and 0.674026865 

for CART  This system was implemented and tested using HP ProBook 4430s running 

windows 10 PRO with 4GB of RAM, 320GB of hard disk size, and 2.30GHz Intel(R) 

Core(TM) CPU.  

 

Recommendations  

This system is recommended to every service provider for use in measuring quality of 

experience which guides in technical making in order to improve their service. Content 

creators can also benefit from this system by paying attention to aspects of the content 

that enhance the quality of experience thereby bridging the gap between service quality 

and customers satisfaction.   
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