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Abstract—Nowadays, mobile network management involves 
human interaction and human work ranging from conducting 
drive tests that can evaluate network performance and coverage 
to diagnosing customer complaints. Predictive network analytics 
related to network management involves predicting network 
performance at locations or times in which no direct measurement 
data is available. One of the major challenges when applying 
machine learning is to choose the best model from a variety of 
models to solve a problem. Therefore, the research gap is 
proposing the best machine learning model for predicting mobile 
network performance in the identified dimensions. The 
methodology includes drive test measurement for data collection, 
exploratory data analysis, data preparation, and applying 
machine learning models in predicting mobile network 
performance. Whereas throughput has a strong correlation with 
signal strength, throughput is the targeted parameter in network 
performance prediction. Three machine learning models were 
applied in this study which are Random Forest, Gaussian Process 
Regression, and K-Nearest Neighbor for throughput prediction. 
Based on the results and analysis of the evaluation metric 
comparison, it shows that the Random Forest model comes with 
the highest performance prediction with the R2 score of 0.79 
followed by KNN 0.66 and lastly Gaussian Process Regression 
0.34. Random forest achieved the best result because of an 
additional layer on randomness that can lessen the variance thus 
increasing the model accuracy. Using the hyperparameter tuning 
the number of trees and the value for the depth of each tree in the 
forest will increase random forest model accuracy. Based on the 
important features, the location of the measurement and SNR 
value is important feature in affecting network performance. 
Thus, network operators need to improve the network coverage in 
a certain area to give a better experience to the user. 

Index Terms—Machine Learning, Mobile Network, LTE, 
Performance Prediction 

I.  INTRODUCTION 

HERE is a growing body of literature that recognizes the 
importance of conducting drive tests. Mobile network 

management and drive tests provide services that give a clear 
insight into the quality of mobile network coverage and other 
wireless networks including identifying areas of poor signal 
quality and identification of black spots [1]. Conducting drive 
test also provide service to the user with information on the 
mobile network compliance with relevant technical 
requirements and regulations.  
The mainstream key performance parameters when conducting 
LTE drive tests are Signal to Noise Ratio (SNR), Reference 
Signal Receive Power (RSRP), Reference Signal Receive 
Quality (RSRQ), Reference Signal Strength Indicator (RSSI), 
and throughput. Among these parameters, throughput can 
determine signal strength because of the strong correlation with 
signal strength parameters. It is also a dependent variable with 
other parameters such as geographical location. Mobile 
network management needs human interaction from conducting 
drive tests to diagnosing and analyzing customer complaints to 
meet user’s network Quality of Service (QoS). This approach is 
also time-consuming when processing large and complex data 
to find the hidden fluctuation pattern in the network 
connectivity and to give valuable insights into the dataset [2]. 
The amount of data needed including cell neighboring 
information is very high in the process [3]. Some of the places 
are not being covered during the drive test due to the location-
based query was not supported by the radio frequency tools and 
the capability of the drive test in which there are no direct 
measurement is available [1]. Also, in the measurement log, 
there will be a missing value due to the drive test tools' 
incapability. 

Nowadays Predictive Network Analytics (PNA) has become 
a mainstream network management tool and diagnostic when 
processing a large volume of data [4]. PNA also plays an 
important role in network performance monitoring. Machine 
learning in predictive analytics used historical data to predict 
future events and the identifiable patterns are then used to 
facilitate network changes to solve network performance issues. 
Machine learning is also capable to help the network operations 
team to identify the performance issues and potential network 
failures with better accuracy and lower mean time to repair [5]. 
Machine learning in network performance prediction can 
improve network analytics by reducing human interaction and 
predicting value where there is no direct data measurement 
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available and the missing data in the measurement. The main 
challenge is to identify the best machine learning model for 
predicting network performance [6]. Because different datasets 
used for prediction will yield a different machine learning 
model performance. 

The key contribution of this study is to propose the best 
machine learning model for predicting mobile network 
performance in the identified dimensions. This can be done by 
benchmarking various types of machine learning models for 
downlink throughput prediction. The evaluation metric will be 
used to evaluate the machine learning model performance and 
then the comparative analysis were made. By using the random 
forest model specialty that is capable to identify the features 
importance list that help to determine which feature is affecting 
the downlink throughput prediction the most compared to the 
other network parameter. The hyperparameter tuning method is 
carried out to enhance the best model performance and accuracy 
for throughput prediction. 

II. RELATED RESEARCH 

There is a large volume of published studies describing the 
role of artificial intelligence in the field of mobile networks. 
One study by [3] examined the usage of Deep Neural Network 
(DNN) in the mobile network to reduce the number required to 
conduct drive tests for LTE network management.  Due to the 
drive test being time-consuming for a dense area that has many 
obstacles will cause non-line of sight on the measurement field. 
By utilizing deep learning techniques, a neural network is able 
to predict signal quality at unseen locations by using satellite 
information and position-based measurements. The results 
show that the deep learning model could predict LTE signal 
quality parameters SNR, RSRQ, and RSRP. The author also 
highlighted that in predicting signal strength on the mobile 
network, the general problem in the field of machine learning is 
to obtain a model that is capable of performing well on unseen 
data. The model might be good at predicting in the selected 
dataset but when the dataset is changing, the performance of the 
model might drop off due to the unseen data and the hidden 
pattern in the dataset. They also point out that to reduce the final 
error the training set should be unlimited by extending the 
geographical region with an additional propagation scenario. 
Therefore, in order to increase the machine learning model 
accuracy, it requires a large volume of training datasets for the 
model the learn the data behavior. 

A follow-up study [7] found that since throughput is a main 
indicator of the network performance, data from several studies 
have listed that the parameter used to predict throughput is  
Signal-to-Noise Ratio (SNR), Reference Signal Receive 
Quality (RSRQ), Reference Signal Receive Power (RSRP) and 
Received Signal Strength Indicator (RSSI). This view is 
supported by [8] who stated that throughput parameters depend 
on various features which are context information and network 
quality parameters. The writer uses two approaches that are 
well established used for prediction. The first approach is the 
classical regression machine learning predictive techniques. 
The model is K-Nearest Neighbor (KNN), Support Vector 
Machine Regression (SVR), Ridge Regression, and Random 

Forest. The second approach in their study is the time series 
forecasting which is the ARIMA model and Long Short-Term 
Memory (LSTM). The result shows that the random forest 
model performs the best among all the models with the highest 
score value for the coefficient of determination. By referring to 
the random forest theories, random forest performs the best 
because the model adds a layer of randomness to the features. 
This differs from another study [9] that performs comparative 
analysis on three commonly machine learning predictive 
models that are Support Vector Machine, Deep Neural 
Networks, and Extreme Gradient Boosting Trees. Their results 
show that XGBoost achieved the highest accuracy with 90%. 
The explanation behind this is the model easy to use, easy to 
parallelize, and has incredible predictive accuracy. This model 
is also good at handling missing values. 

The dataset used in the mobile network performance 
prediction also plays an important role to determine the 
accuracy of the model prediction. Previous research in [10] has 
stated that the accuracy of the results depends on how big the 
dataset is. The more data the machine learning able to learn and 
train, the accuracy of the model will be increased. In their 
research, the highest accuracy will be achieved when splitting 
the dataset 90% train and 10% test. Not to be forgotten that the 
number of features and parameters in the prediction is also a 
crucial part of determining the accuracy of the model. Not all 
the features in the dataset are used in predicting the performance 
of the mobile network. Therefore, significant analysis and 
discussion were presented by [11] have explored that the 
features need to be carefully chosen in the data acquisition 
phase. The feature selection process should be adapted to the 
current condition in which the process is. 

 Similarly, a comprehensive study on machine learning 
models in mobile networks [12] stated that the classical 
machine learning model such as exponential smoothing time 
series, Gaussian Process Regression, and random forest can 
provide a very good result for drive test data. Gaussian 
regression can predict better because the model enables 
essentially all the parameters involved to be predicted directly 
from the dataset while exponential smoothing time series can 
apply at different time scales at estimated linear and periodic 
trends as well as the final point predictions. For the random 
forest model, one of the major advantages of using the tress-
based algorithm is the final regression model is understandable 
and has a sense of transparency especially after being compared 
to deep learning machine learning algorithms. 

In this paper, the overview of the dataset used in this study 
will be presented. Then for methodology, machine learning will 
be applied for throughput prediction. The experimental result 
will be analyzed and discussed. Lastly, the comparative 
analysis will be made to determine which model performs the 
best in predicting throughput network performance. 

III. DATASET 

The collection and measurement of this dataset were 
conducted in EUP Subang Jaya (USJ) area covering from USJ 
1 until USJ 13. The drive test was taken in the USJ area because 
the area was an urban area. NEMO Handy was used to 
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collecting network quality information and NEMO Analyzer 
was used to analyze and convert the measurement logfiles into 
a suitable data type. Figure 1 shows the drive test route. 

 
Fig. 1. Drive test measurement route 

The total measurement route is 24km distance and 1.5km 
radius. The drive test speed is averaging from 60km/h. The 
measurement was taken in the morning, and it takes about 1 
hour to finish. The telco service provider used on this drive test 
measurement and collection is Celcom. The measurement was 
taken several times, and this is the best measurement because 
the downlink throughput is varying relatively smoothly over the 
drive test region and the dataset has a lower number of missing 
data points. The dataset from the drive test contains multiple 
network parameters such as timestamp, longitude, latitude, 
RSRP, RSRQ, RSSI, SNR, and throughput. For the downlink 
throughput, 1Gbit of dummy file was used as the download file 
and will automatically repeat when the 1Gbit file is finished 
downloaded. The raw dataset contains 9886 rows and 8 
columns. But there are many missing value gaps in the raw 
dataset because the drive test tools are unable to capture all the 
parameters for each row. To overcome this, the mean 
imputation method was used to solve the missing value gap. For 
every 9 rows, the data will be grouped by and replaced with the 
mean value. This method still maintains the variability of the 
dataset. After data cleaning, the dataset contains 1099 rows 
representing the network information and 8 columns 
representing the network parameters. Below is the listed log of 
measurement parameters and their description: 

 Timestamp: The precise time when the measurement is taken. 

 Longitude: One of the GPS coordinates of the mobile device. 

 Latitude: One of the GPS coordinates of the mobile device. 

 RSSI:  Received Signal Strength Indicator. A measure of the 
strength in the presence of received radio signal only on 4G. 

 RSRP: Reference Signal Received Power. This is the measure 
of the power of the reference signal. 

 RSRQ: Reference Signal Received Quality. This indicates the 
quality of the received reference signal. 

 SNR: Signal-to-noise ratio. Which indicates the ratio of signal 
power to the noise power in the decibels. 

 Downlink throughput: Downlink bitrate of the measurement 

expressed in kbps. 

A. Exploratory Data Analysis 

The analysis and study were conducted in Python 3.7.0 using 
Jupyter Notebook where users can create an interactive 
environment that includes visualizations, live code, and text 
notes. For predicting mobile network performance, the targeted 
parameter is the downlink throughput. Therefore, timestamps 
are removed because this parameter will not affect the 
prediction and make the dataset more complicated thus will 
affect machine learning accuracy. By visualizing the data, some 
graphs and plots can be created which will easier to analyze and 
identify the hidden pattern in the dataset. 

Figure 2 shows the downlink throughput in each geometry 
coordinate. From the figure, the downlink throughput value is 
varying relatively smoothly over the drive test region. It can be 
noticed that the majority of the downlink throughput value are 
between 20000kbps and 40000kbps. The area with a high 
downlink throughput value is a hotspot location such as petrol 
stations and restaurant areas. Theoretically, downlink 
throughput is related to SNR because the achievable data rate is 
determined by signal-to-noise ratio [12]. Figure 3 illustrates the 
relationship between downlink throughput with SNR and RSSI. 
The higher the SNR value, the higher the value for downlink 
throughput. 

 
Fig. 2. Downlink throughput in each geometry coordinates 

 
Fig. 3. Downlink throughput with SNR and RSSI 
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Fig. 4. Heatmap pairwise correlation between the columns 

Next is the heatmap plot. It is useful when cross-examining 
multivariate data variables. Heatmaps plot are good for 
revealing any patterns to put on view whether the variable in 
the data is similar to each other and detecting correlations 
between the variable. Figure 4 shows the heatmap plot of the 
pairwise correlation between the columns. There is a high 
correlation between SNR and downlink throughput. This is 
because the value of SNR will affect downlink throughput the 
most comparable to the other network quality parameter. 

IV. PERFORMANCE PREDICTION 

A. Machine Learning models 

In this study, the commonly used classical machine learning 
models were used for prediction. These machine learning 
models were trained and tested for making the prediction. The 
performance of the models will be evaluated to determine the 
best model for predicting network performance. 

1. Random Forest 

One of the well-known techniques in machine learning 
algorithms is the random forest. It is a supervised machine 
learning algorithm. Random forest is a tree-based algorithm that 
uses multiple decision tree qualities features for making 
predictions or decisions. The term “forest” can be referred to as 
the combination of multiple decision trees. In the tree, the node 
stands for a feature, the branch stands for a decision and the leaf 
represents the final output. It uses the method of strategy which 
will random selection of a subset to grow on each tree. The tree 
will grow on a bootstrap sample of the dataset. It uses the 
majority vote in the inference stage overall tress to obtain the 
prediction [13]. The average value of all the output from the 
forest will be taken for making the prediction. 

In addition, this machine learning algorithm is robust and fast 
compared to the other regression models. This predictive model 
can be used for both classification and regression tasks because 
of its versatility and it is a handy algorithm because of the 
hyperparameters used that always produce a good prediction 
output. To sum up, the machine learning random forest 
algorithm will merge the output from multiple decision trees 
and generate the final output. 

2. Gaussian Process Regression 

In recent years, many researchers have utilized the Gaussian 
Process Regression (GPR) machine learning model in 
predicting mobile network performance [14]. These machine 
learning algorithms are a Bayesian approach and non-
parametric regression that make waves in the machine learning 
area. This model works well and has several benefits on a small 
dataset and the ability that can provide uncertainty 
measurements to the prediction [15].  By using the Bayesian 
approach, it infers the distribution probability over all the 
possible values. When doing prediction on unseen data points, 
the predictive distribution is calculated by way of including all 
the possible predictions on their calculated posterior 
distribution. Predictive distribution is calculated using equation 
(1) where p(w|y, X) is the posterior distribution, w is the 
parameter, and x* is the prediction distribution that can be 
calculated by weighing all the possibilities. 

 p(𝑓 ∗ |𝑥 ∗, 𝑦, 𝑋) = ∫ 𝑝(𝑓 ∗ |𝑥 ∗, 𝑤)𝑝(𝑤|𝑦, 𝑋)𝑑𝑤
  

The likelihood and prior are the gaussian for the integration 
part and to be traceable. By using the assumption and solving 
the predictive distribution, Gaussian distribution is created and 
by that can obtain a prediction point using the mean and 
uncertainty quantification using the variance. Because it is a 
nonparametric algorithm, instead of calculating the probability 
distribution of parameters from a specific function, this model 
calculates the probability distribution over all the admissible 
functions that will fit the data. The algorithm will calculate the 
posterior predictive distribution on the points of interest.  

3. K-Nearest Neighbor (KNN) 

This machine learning model also is a supervised machine 
learning algorithm. This model is commonly used in regression 
prediction because of its applicability and simplicity in solving 
numerous real-world problems. This model will store all the 
available data and will predict based on the chosen similarity 
metric [16]. It will consider the K closest examples training 
point of interest for predicting. It can be done by a simple 
majority vote over the K closest point.  The algorithm uses a 
distance measure to find similarities. Three aspects primarily 
affect the performance of the classifier such as the number of 
closest neighbors, Euclidean distance, and the decision rule. 
This model is easy to implement and versatile. In this study, the 
value K is 13 because the root mean squared error for that value 
of K is the lowest. 

B. Evaluation Metrics 

The evaluation metric was used to evaluate the performance 
of the machine learning model. Differ from machine learning 
classifications, error metrics has been developed to evaluate the 
quality of regression in machine learning model and enable to 
comparison of regressions among other machine learning 
model [17]. These metrics are useful and short summaries of 
the quality of the machine learning model and data for 
prediction. Mean Absolute Error (MAE), Mean Squared Error 
(MSE), Root Mean Squared Error (RMSE), and coefficient of 
determination (R2) are used to evaluate the regression 
problem’s accuracy [18]. The metric error range is depending 
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on the targeted variable range. For this study, the downlink 
throughput is range between 20000 Kbps and 80000 Kbps. In 
the following subsections, the evaluation metrics are described. 

1. Mean Absolute Error 

Generally, an error is an absolute difference between the 
actual values and the predicted values. Mean absolute error will 
take the average of the error from every actual and predicted 
value in the dataset and give the output. This evaluation metric 
is usually used when then the performance of the machine 
learning model is measured on continuous data variables. The 
lower the mean absolute error value, the better the model’s 
performance. Mean Absolute Error can be calculated using 
equation (2). Where n is the number of data points, y is the 
actual value and ŷ is the predicted output. 

 MAE =  ∑|𝑦 −  ŷ| 

2. Mean Squared Error and Root Mean Squared Error 

For Mean Squared Error (MSE) is calculated by including 
the average of the square difference between the predicted value 
and actual values of the data. As for Root Mean Squared Error 
(RMSE), it is the standard deviation of the error that turns out 
when the prediction is made on the dataset. This metric same as 
Mean Square Error but the root value is considered while 
evaluating the accuracy of the model. The error is squared 
before averaged. MSE is the most useful metric when the 
dataset contains unexpected values or outlier data. But for 
RMSE it is more useful when large errors happened and affect 
the machine learning model’s performance. This metric also 
uses the same concept. The lower the value, the better the 
performance of the model. MSE can be calculated using 
equation (3) where N is the total number of data points in the 
dataset and value i ranges from 1 to n. 

 MSE =  ∑ (𝑦 −  ŷ)  

3. Coefficient of Determination 

The coefficient of determination is also known as the R 
squared. This evaluation metric indicates how well the model 
fits in the dataset given [19]. It also indicates the machine 
learning model on how close the regression line between the 
predicted plotted values and the actual data values is. R2 can be 
calculated in equation (4). Keep in mind that the coefficient 
regression values lie between 0 to 1, where 1 indicates that the 
machine learning model fits perfectly into the dataset which is 
quite impossible to achieve while 0 indicates that the model did 
not fit the dataset provided. 

 R2 =1 -  
   ( )

    
  

V. RESULTS AND DISCUSSION 

The data will be divided into two groups that are 80% for 
training and 20% for testing using train test split Scikit-Learn 
in Python library [20]. 824 data was randomly selected for 
training and the remaining 275 data is for testing. 

The random forest algorithm is one of the machine learning 
algorithms that was used to predict network performance. The 
downlink throughput is the targeted parameter for predicting 
network performance because network throughput is a 
dependent variable with others quality parameters and context 
information. Also, the fact that throughput feature has a strong 
correlation with signal strength. Instead of only predicting, the 
random forest model is also capable determine the variable 
importance top list that influences the tree's impurity. The 
random forest algorithm has built-in feature importance that can 
be computed. By that, it can identify the variable importance 
list. 

Table 1 shows the variable importance list. The variable 
importance list is based on the node on the random forest tree. 
It measures how many nodes use those features to reduce node 
impurity. The higher the score, the more that features contribute 
to the target variable prediction. As refers to the theory that the 
achievable data rate is determined by the Signal to Noise Ratio. 
This explains why SNR is top listed in the variable importance 
list. While for the longitude and latitude are also top listed in 
the variable importance list because of the location of the data 
measurement that has a strong or weak mobile network 
connection. If the location is at the hotspot area, that area has a 
strong mobile network connection. 

TABLE I 
VARIABLE IMPORTANCE LIST 

Variable Importance 

SNR 0.63 
Longitude 0.12 

Latitude 0.07 
RSRP 0.06 
RSRQ 0.06 

RSSI 0.05 

 
Fig. 5. Random Forest Regression Tree 

Figure 5 illustrates one of the regression trees from the 
random forest model that is trained to obtain the prediction 
results. MSE in the leaf node shows the Mean Squared Error of 
the node, the sample is the number of data points in the node 
and the value is the prediction value (in Kbps) for all data points 
in the node. The decision tree structure makes immediate 
intuitive and physical sense to the network engineer that low 
SNR values will be resulting in a low predicted downlink 
throughput data rate. 

For comparison between machine learning models, the 
model performance will be evaluated by the evaluation metric.  
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TABLE II 
MACHINE LEARNING MODEL PERFORMANCE COMPARISON 

Table 2 shows the machine learning model comparison. 
These results show that the random forest model achieved the 
best performance with the lowest of all evaluation metric errors 
and the highest R2 score. The error metric for the random forest 
is an MAE value of 6754.16, MSE value of 83737811.45, and 
RMSE value of 9117.99. This indicates that the difference 
between actual and predicted values is not too far. For the 
coefficient of determination score, the random forest model 
achieves the highest with 0.79. This designates that the random 
forest model fits in the dataset provided in predicting downlink 
throughput accurately. These results on the random forest are in 
accord with recent studies indicating that the random forest 
model obtains the highest performance prediction among the 
classical machine learning model [8]. The reason behind 
random forest's excellent performance is this model has an 
additional layer of randomness that can lessen the variance thus 
increasing the model accuracy. It also uses multiple decision 
trees to make predictions more accurate.  This model also works 
well on a large dataset. On the other hand, the KNN model 
performance was the second-best with an MAE value of 
8114.77, MSE 133215994.3, RMSE 11541.92, and an R2 score 
of 0.66. The score is not too far from the random forest model. 
This model accuracy depends on the dataset quality and 
sensitivity to the irrelevant features. Therefore, feature selection 
needs to choose carefully to preserve the model performance. 
Because of that KNN model perform much better with fewer 
examples [21]. Lastly, gaussian process regression had the 
lowest performance of all. The metric error is very high with an 
MAE value of 12606.98, MSE value of 260949579.7, RMSE 
16153.93, and R2 score of 0.34 by far the lowest compared to 

the other model. These findings are rather disappointing 
because the model will lose efficiency in a high-dimensional 
space. By way of explanation, the major disadvantage of this 
model is bad at predicting when dealing with a large volume of 
datasets [22]. Together these results provide important insights 
that among those three machine learning models, the random 
forest model is the best machine learning model in predicting 
mobile network performance in the identified dimension. 

Figure 6 shows illustrate the performance of all models on 
the test set that plot the predicted throughput values as well as 
the actual values. From the plot, we can see that the random 
forest predicted value are not too far from the actual values 
compared to the KNN and gaussian process regression. 

The hyperparameter tuning in the random forest is the 
parameters of the algorithm that can be tuned to improve the 
model performance and prediction accuracy. It can be done by 
using the library function GridSearchCV or using the trial-and-
error method. Since the random forest is the best model for 
throughput prediction, it will go through a hyperparameter 
tuning to enhance the performance. The hyperparameters are 
the number of decision trees in the forest and the number of max 
depths. Before tuning, the number of trees in the random forest 
model is 2000. Now the number of trees has increased to 5000. 
Past study has stated that higher numbers of trees in the random 
forest will be resulting in higher accuracy but slower learning 
time [23]. Model accuracy is often improved by adding more 
decision trees because the predictions are made based on the 
average sample from multiple trees. Next, the max depth 
parameter signifies the depth of the tree in the forest. This 
parameter is tuned by setting the max depth to 20. [24] has 
studied the relationship between the random forest accuracy 
and the max depth parameter. The resulting state that tuning the 
maximum depth parameter will improve the random forest 
accuracy. But it needs to tune to reach the optimal value to 
avoid overfitting. Usually, max depths range from 1 to 32. 
Table 3 below presents the comparison of random forest 
performance before and after hyperparameter tuning. Both 
MAE and RMSE have a slight improvement of about 100 Kbps. 
For MSE the difference is 2000000 Kbps. Lastly coefficient of 

Model MAE MSE RMSE R2 

RF 6754.16 83737811.45 9117.99 0.79 

KNN 8114.77 133215994.3 11541.92 0.66 

GPR 12606.98 260949579.7 16153.93 0.34 

Fig. 6. Actual and Predicted Values 
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determination increases by 0.005. These results provide an 
important insight that hyperparameter tuning does improve the 
accuracy of the training model. Therefore, it is suggested that 
doing the hyperparameter tuning step to make a better 
prediction on downlink throughput. 

TABLE  III 
MACHINE LEARNING MODEL PERFORMANCE COMPARISON 

VI. CONCLUSION AND FUTURE WORK 

The main goal of this paper is to propose a machine learning 
model for mobile network performance prediction in the 
identified dimensions. Then benchmarking various types of 
machine learning models to identify the best model for 
throughput prediction. The following conclusions can be drawn 
from this study. The random forest model is the best machine 
learning model for predicting downlink throughput. Random 
forest achieves the lowest evaluation metric error and the 
highest R2 score. Since the model has an additional layer of 
randomness it can lessen the variance thus increasing the model 
accuracy. It is suggested that mobile network operators use a 
random forest model in predicting mobile network 
performance. Referring back to the variable importance list, the 
location of measurement and SNR feature play an important 
role in affecting network performance. To meet users’ network 
Quality of Service (QoS), network operators need to improve 
network signal strength in a certain area. In addition, the results 
show that tuning the hyperparameter number of trees and depth 
of the trees slightly reduces the evaluation metric error and 
increases the R2 score. 

For future work, using an extensive real-world drive test 
dataset, a bigger dataset with the addition of variability features 
such as cell information and the number of users can be used in 
throughput prediction to make throughput feature dependent on 
many other features. Other machine learning models should be 
added for comparison in the interest of variety. Besides, the 
deep learning technique also should be applied in throughput 
prediction. For hyperparameter tuning, other parameters should 
be considered such as minimum samples split, minimum 
samples leaf, and max features [25]. 
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Model MAE MSE RMSE R2 

RF 6754.16 83737811.45 9117.99 0.7919 

RF Optimize 6673.1 81301068.73 9016.71 0.7964 


