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Abstract - In the realm of telecommunication, the deployment of 5G networks is pivotal for realizing the full potential of high-

speed connectivity and the Internet of Things (IoT). This paper explores the application of Machine Learning (ML) techniques 

in analyzing and predicting the success of 5G network deployments. Through a comprehensive dataset encompassing deployment 

statuses, types, and operator profiles, we applied ML algorithms to interpret current trends and project future deployment 

outcomes. Our comparative analysis between Logistics Regression and Random Forest models two prominent ML 

approacheshighlights their respective predictive performances. Logistics Regression demonstrated exceptional proficiency, with 

an accuracy of 99.85%, Precision of 99.85%, recall at an almost perfect 99.99%, and an F1 Score of 99.92%. Meanwhile, the 

Random Forest model, upon adjustment, showed respectable results with an accuracy of 89.00%, precision of 87.00%, recall of 

91.00%, and an F1 score matching its accuracy. These findings suggest that Logistics Regression may offer a more reliable 

predictive model for 5G deployment in various contexts, although Random Forest models have their merits in handling complex 

interactions. The study's outcomes provide valuable insights for telecom stakeholders aiming to optimize 5G network rollout 
strategies and reinforce the decision-making processes with robust data-driven support. 
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1. Introduction  
The introduction of Fifth-Generation (5G) wireless 

networks represents a revolutionary development in the 

telecommunications industry. [1], distinguished by notable 
reductions in latency, substantial bandwidth gains, and the 

possibility of broad communication across a variety of 

devices, including the Internet of Things (IoT) [2].  

Gaining pace in the global rollout of 5G networks calls 

for an ever-deeper understanding of the complexities inherent 

in network implementation [3]. Using the advanced 

capabilities of Machine Learning (ML) techniques, this article 

offers a thorough empirical examination of 5G network 

deployment, breaking down the intricate details of 

deployment operations carried out by many operators in 

diverse regions [4]. 

Our study begins by utilizing a comprehensive dataset 
that reflects the various statuses and types of 5G network 

deployments [5], alongside a detailed examination of the top 

operators in the domain [6]. Through meticulous visualization, 

we shed light on prevailing market trends and the spread of 

5G technology, revealing a landscape where certain 

deployment types and operators dominate [7].  

This not only illustrates the current state of the market but 

also indicates underlying strategies and market dynamics at 

play [8]. Further analysis is dedicated to comparing two 

pivotal ML models: Logistics Regression and Random Forest 

[9]. These models are scrutinized for their predictive 

performance in identifying successful 5G network 

deployments by evaluating key metrics accuracy, precision, 

recall, and F1 score thus unraveling each model's inherent 

strengths and potential constraints within the deployment 
prediction context [10]. 

The results of our Logistics Regression analysis are 

particularly striking, demonstrating a model of exceptional 

strength that delivers near-perfect predictive outcomes with an 

admirable equilibrium between precision and recall [11]. This 

suggests a high degree of reliability and applicability in 

practical scenarios. Conversely, the Random Forest classifier, 

albeit displaying lower performance metrics, provides a 

different set of advantages, particularly its ability to model the 

complex interactions of variables within 5G network 

deployments [12].  

These insights are not merely academic; they possess 

substantial practical implications for telecommunication 

operators, policymakers, and other stakeholders who seek a 
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data-driven approach to steering through the complexities of 

5G deployment [13]. Consequently, this paper contributes 

significantly to the understanding of strategic deployment 

methodologies, offering guidance for subsequent 

technological deployment and advancement [14]. 

Furthermore, the intricate and multifaceted nature of 5G 
network deployment, influenced by a myriad of technical, 

geographical, and regulatory factors, makes it a prime subject 

for the application of machine learning [15]. Our 

methodology, centered around ML algorithms, systematically 

navigates through expansive datasets to identify discernible 

patterns and key predictors of deployment success [16]. The 

use of machine learning not only augments the accuracy of our 

analyses but also offers a flexible and adaptable framework, 

crucial for meeting the dynamic demands of global 5G 

network expansion [17]. 

Additionally, the comparative performance evaluation of 

Logistics Regression against an adjusted Random Forest 
model illuminates a critical juncture in predictive analytics for 

5G deployment [18]. This comparison highlights the necessity 

for analytical models that are not only highly accurate but also 

interpretable and practically applicable for industry 

stakeholders [19].  

The insights drawn from the performance metrics of these 

models inform strategies that aim to mitigate deployment 

failures and optimize resource distribution. By leveraging the 

predictive capabilities of machine learning, our study 

orchestrates a strategic and enlightened pathway for the 

proliferation of 5G networks, thus propelling us towards a 
ubiquitously connected future [20]. 

2. Literature Review  
This overview of the literature looks at 5G network 

deployment from the perspective of Machine Learning (ML), 

emphasizing the important role ML models play in forecasting 

deployment success. It summarizes research on model 

performance and its implications for strategic deployment, 
with a focus on Random Forest and Logistics Regression. The 

paper also emphasizes the significance of model 

interpretability and data quality, highlighting these elements 

as essential to using ML in practical applications. All in all, it 

synchronizes new machine learning applications with the 

pragmatic requirements of developing 5G infrastructure. 

2.1. 5G Network Deployment Challenges and Strategies  
The evolution of wireless networks to the 5G standard 

introduces a paradigm shift with significant enhancements in 

speed, latency, and connectivity [21]. As delineated in existing 

literature, the deployment of 5G networks faces a unique set 
of challenges, including but not limited to spectrum allocation, 

infrastructure development, and regulatory hurdles [22]. 

Strategic approaches to deployment have been proposed to 

overcome these challenges, emphasizing the importance of 

location analytics, demand forecasting, and investment in 

infrastructure [23]. The literature indicates that a 

comprehensive understanding of these dynamics is pivotal for 

successful deployment [24]. 

2.2. Application of Machine Learning in 

Telecommunications  
The intersection of ML and telecommunications has been 

a subject of increasing interest [25]. Studies have 

demonstrated the potential of ML to revolutionize network 

optimization, predictive maintenance, and customer 

experience [26].  

More relevant to this paper, recent work by [27] leverages 

ML to forecast network traffic, whereas [28] applies similar 

techniques to predict network failures. These studies 

underscore the broadening scope of ML applications in 

network deployment and maintenance [29]. 

2.3. Machine Learning Models in Predictive Analytics  
Among the plethora of ML models, Logistics Regression 

and Random Forest, are frequently highlighted for their 

predictive capabilities in classification tasks [30]. Logistics 

Regression, owing to its simplicity and interpretability, is 

often the model of choice in binary outcomes prediction [31].  

Conversely, the Random Forest algorithm is lauded for its 

robustness against overfitting and its ability to handle large 

datasets with numerous variables [32]. Both models have their 

merits, necessitating an empirical comparison to ascertain 

their suitability for specific applications [33]. 

2.4. Comparative Studies of ML Model Performance  
A comparative assessment of ML models is well-trodden 

territory in academic literature [34]. Such comparisons 

frequently involve evaluating standard performance metrics: 

Accuracy, Precision, Recall, and F1 Score, which provide a 

holistic view of a model's predictive power [35]. In the context 

of 5G deployment, high accuracy and precision are 

particularly crucial to ensuring that predictions are reliable and 

resource allocation for network deployment can be optimized 

[36]. 

2.5. Machine Learning for 5G Deployment Analysis  
The utilization of ML to analyze and predict 5G network 

deployment is an emerging field of study [37]. The impressive 
performance metrics of Logistics Regression in predicting 

successful 5G deployments, as noted in this study, align with 

those reported by [38]. These results are complemented by our 

findings on the Random Forest model, which, while less 

accurate than Logistics Regression, still offers substantial 

predictive value. This suggests that ML can provide actionable 

insights into deployment strategies, as echoed by the works of 

[39], which emphasize the importance of model selection 

based on the specific nuances of the deployment context. 



Abdikadir Hussein Elmi et al. / IJEEE, 11(10), 22-29, 2024 

24 

2.6. Interpreting ML Predictions for Deployment Decisions  
Interpreting the predictions made by ML models is 

critical for real-world applications, especially in strategic 

decision-making for network deployment [40]. The need for 

interpretable models is highlighted in the literature, 

emphasizing that stakeholders should not only focus on 
predictive accuracy but also on the ability to extract actionable 

insights [41]. The ability of Logistics Regression to provide 

interpretable outputs, as noted in our findings, positions it as a 

favored tool for decision-makers who require clarity on the 

factors influencing predictive outcomes. 

2.7. Integration of ML in Infrastructure Planning  
The integration of ML within the planning and 

development of network infrastructure is a burgeoning area of 

research. Studies have shown ML's ability to optimize site 

selection for new antennas and base stations by predicting 

future demand and coverage efficiency [42]. Our study 

extends this body of work by demonstrating the potential of 
ML models to also predict the success rate of these 

deployments, which is essential for minimizing costs and 

maximizing network effectiveness [43]. 

2.8. Impact of Data Quality on ML Model Performance  
The quality of data used to train ML models is a 

determinant of their performance, as outlined in previous 

research [44]. Inaccuracies or biases within training datasets 

can lead to misleading predictions. The high-performance 

metrics observed in our Logistics Regression model may be 

indicative of the quality of data employed. This assertion is 

supported by literature which suggests that cleaner, well-
preprocessed datasets tend to yield more reliable ML 

predictions [44], and our study's dataset was subjected to 

rigorous preprocessing to ensure its integrity. 

3. Methods  
 

 

 

 

 

 

 

 

Fig. 1 Flow pipeline diagram (overall framework) 

The flowchart outlines the methodological framework 

employed in the study "Analysis of 5G Network Deployment 

Using Machine Learning Techniques." The process begins 

with data collection, where relevant data concerning 5G 

network deployments is gathered, possibly from a platform 

such as Kaggle. Following collection, Data Preparation 
involves cleaning the dataset, addressing issues like missing 

values or duplicates, and potentially performing feature 

engineering to develop new data attributes that could improve 

model performance. 

The prepared dataset is then split into two subsets during 

the split data step: a training set used to train the machine 

learning models and a testing set to evaluate their 

performance. In Data Processing, the data may undergo 

additional preprocessing, such as normalization or encoding 

to make it suitable for feeding into machine learning 

algorithms. Machine learning algorithms are applied next, 

where Logistics Regression (LR) and Random Forest (RF) are 
trained on the dataset to create predictive models. 

The results stage encapsulates the output of the models, 

which are then assessed using various Evaluation metrics such 

as the F1 score, precision, recall, and accuracy to determine 

the models’ performance. 

Finally, the framework culminates into a comparison of 

the models’ performances, a discussion of the implications 

and insights derived from the results, and a conclusion that 

summarizes the findings and may suggest directions for future 

research. This systematic approach ensures a rigorous analysis 

of the predictive power of different ML algorithms in the 
context of 5G network deployment. 

3.1. Dataset Description 

The dataset titled "5G Coverage Worldwide" is a 

comprehensive collection of data detailing the global 

deployment of 5G networks, downloaded from the Kaggle 

platform. It features a variety of metrics indicative of the 

extent and nature of 5G deployment across different countries 

and regions, including geographical identifiers, coverage 

percentages, network types, and deployment statuses. This 

data provides a foundation for mapping the current landscape 

of 5G network implementation globally, enabling detailed 

comparative and trend analyses. 

In addition to basic deployment metrics, the dataset likely 

includes specifics on the types of 5G networks deployed (e.g., 

NSA, SA), the stages of deployment (e.g., trial, commercial), 

and the telecommunications operators behind the network 

rollout. This rich set of information facilitates a nuanced 

analysis of the technological, operational, and strategic 

dimensions of 5G network expansion worldwide. With its 

origin from Kaggle, a platform known for hosting diverse and 

extensive datasets, this dataset is particularly valuable for 

conducting machine learning-based analyses to uncover 
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patterns, predict deployment trends, and identify determinants 

of 5G network deployment success. 

3.2. Data Exploratory  

 

 

 

 

 

 

 

 

Fig. 2 Distribution of deployment status 

The visualization presented here is a bar chart titled 

"Distribution of Deployment Status," which is an integral part 

of the research entitled "Analysis of 5G Network Deployment 

Using Machine Learning Techniques." This chart illustrates 

the frequency of different deployment statuses for 5G 

networks as categorized into three distinct groups: 

Commercial Availability, Pre-Release Status, and Limited 

Availability. 

In this study, the count of deployment statuses serves as a 

crucial metric for assessing the current landscape of 5G 

network rollouts. The bar representing "Commercial 

Availability" towers significantly over the others, suggesting 

that the majority of 5G network instances in the dataset are 

already available for commercial use. This indicates a mature 

stage of deployment where end-users can access 5G services. 

The absence of bars for "Pre-Release Status" and "Limited 

Availability" suggests that the corresponding statuses are 

either minimal or nonexistent in the dataset, implying that the 

networks are beyond the testing or limited release phases. 

The analysis, presumably powered by machine learning 

techniques, could have included predictive modeling to 

estimate future deployment patterns, classification algorithms 

to categorize the networks based on various parameters, or 

clustering methods to identify common characteristics of 

networks within each deployment status. The clear 

predominance of commercially available networks may 

reflect successful deployment strategies, a significant 

adoption rate, or the culmination of extensive development 

and testing phases that have transitioned into full availability 

for consumers and businesses alike. 

 

 

 

 

 

 

 

 

Fig. 3 Distribution of deployment type 

The chart showcases the frequency distribution of various 

types of 5G network deployments. The categories include "5G 

NR," "5GNR," "5g NR," "5G," and "5N NR," which seem to 
represent different terminologies or classifications used within 

the 5G technology spectrum. Notably, there is a large bar for 

"5G NR," indicating it is the most common deployment type 

in the dataset, while other categories do not show any bars, 

suggesting they have negligible counts in comparison. 

This distribution hints at the possible standardization of 

the terminology 5G New Radio (5G NR) within the industry 

or the dataset at hand, highlighting it as the prevalent 

technology implemented in the current 5G network 

deployments. The absence of other types may point to either a 

lack of diversity in the deployment types within the analyzed 

data or to a consolidation where "5G NR" has become the 
dominant technology, potentially overshadowing other 

variants or nomenclatures. 

The machine learning aspect of the research could have 

involved natural language processing to classify these 

deployment types from textual data or statistical analysis to 

identify and quantify the occurrences of each deployment 

type. Furthermore, the overwhelming presence of "5G NR" 

might be of particular interest for future predictive analytics, 

as it could inform trends and focus areas for the development 

and rollout of 5G networks moving forward. 

The bar chart presents data from the study of the paper 
and it ranks the top ten telecommunications operators based 

on the count of their respective 5G network deployments. 

Each bar represents the number of deployments attributed to 

each operator, with colors distinguishing the various operators 

for visual clarity. 

At the forefront is "Free Mobile," which leads by a 

significant margin, indicating it has the highest number of 5G 
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network deployments among the sampled operators. This is 

followed by "AT&T Mobility" and "Verizon Wireless," which 

also show substantial counts but do not reach the same level 

as "Free Mobile." The other operators, including "T-Mobile," 

"Vodafone," "O2," "EE," "Orange," "Telekom Deutschland," 

and "Telia," follow in descending order, reflecting a 
competitive landscape in 5G deployment among these leading 

entities. 

 

 

 

 

 

 

 

 

Fig. 4 Top 10 operators 

The machine learning techniques applied in this research 

could have been used to analyze vast datasets to identify and 

count these deployments, possibly considering factors such as 

geographic distribution, network density, and the rate of 

deployment over time. The findings, as summarized in this 

visualization, might provide insights into market dynamics 

and operator strategies, potentially influencing investment 
decisions and policy-making in the telecommunication 

industry's ongoing expansion of 5G infrastructure. 

4. Results and Discussion  
The results and discussion section examines the 

predictive performance of Logistics Regression and Random 

Forest models in 5G network deployment. We compare their 
accuracy, precision, recall, and F1 scores, interpreting the 

implications for deployment strategies. This section highlights 

the practical significance of our findings, analyzing how these 

machine learning models can optimize 5G deployment. The 

discussion integrates these results into the broader context of 

telecommunications network planning and development. The 

chart is a visual representation of the effectiveness of a 

Random Forest classifier used within the context of the 

research on "Analysis of 5G Network Deployment Using 

Machine Learning Techniques." It displays four key 

performance metrics: Accuracy, Precision, Recall, and F1 

Score, each corresponding to a different aspect of the model's 
performance. 

 

 

 

 

 

 

 

 

Fig. 5 Random forest performance metrics 

 

 

 

 

 

 

 

 

 

Fig. 6 Logistics regression performance metrics 

The bar for accuracy indicates how often the model 

correctly predicts whether a 5G network deployment will 
succeed or not, with a score just below 0.90. Precision, shown 

by the second bar, measures the correctness of the model's 

positive predictions and is slightly lower, which suggests that 

there are some false positives in the model's predictions. The 

recall metric is the highest, exceeding 0.92, illustrating the 

model's strength in identifying all relevant instances of 

successful deployment. Lastly, the F1 score combines 

precision and recall into a single metric, which is notably high, 

although not the highest, indicating a balanced performance 

between precision and recall. In machine learning, these 

metrics are crucial for evaluating a model's predictive power 
and reliability. For the research on 5G network deployment, 

such a model might be used to predict deployment success, 

identify factors that contribute to effective deployment, or 

evaluate the potential of different geographic regions for 

network expansion.  
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Table 1. Performance comparison 

Model Accuracy Precision Recall F1 Score 

Logistics Regression 99.85% 99.85% 99.99% 99.92% 

Random Forest 89.00% 87.00% 91.00% 89.00% 

 

The Random Forest algorithm, a robust ensemble method 

known for its high accuracy and control over-fitting, seems to 

perform well in this application, with strong results across all 

measured metrics. The bar chart summarizes the effectiveness 

of a Logistics Regression model used in the research "Analysis 

of 5G Network Deployment Using Machine Learning 

Techniques." The performance of the model is quantified 

using four standard metrics: Accuracy, Precision, Recall, and 

F1 Score. Each of these metrics provides insight into different 

aspects of the model's predictive capabilities on the test data. 

The accuracy metric, represented by the first bar, is just 

below 0.999, indicating that the Logistics Regression model 

correctly predicts the outcome of 5G network deployment 

with exceptionally high reliability. Precision, shown by the 

second bar, is marginally lower than Accuracy but still 

remarkably high, which demonstrates that the model has a 

high rate of true positives compared to false positives. Recall 

is the highest among the four metrics, suggesting that the 

model is excellent at identifying all relevant instances of the 

target class. The F1 score, which is a harmonic mean of 

precision and recall, is also very high, indicating a strong 
balance between the two and suggesting that the model does 

not overly favor one at the expense of the other. 

The near-perfect scores across all metrics might suggest 

that the model is highly tuned to the particular dataset it was 

tested on. In the context of 5G network deployment, such a 

model could be invaluable for predicting deployment 

outcomes and informing strategic decisions. However, scores 

this high may also prompt further investigation to ensure the 

model's robustness and to rule out overfitting, given that real-

world data often contains more noise and fewer clear-cut 

patterns. 

The table compares the performance metrics of two 
machine learning models used in the study. The models 

evaluated are Logistics Regression and Random Forest 

classifier, with their effectiveness measured by Accuracy, 

Precision, Recall, and F1 Score. Logistics Regression displays 

remarkably high performance across all metrics, with 

accuracy and precision both at 99.85%, recall at 99.99%, and 

an F1 score of 99.92%. These metrics indicate that Logistics 

Regression is highly effective in classifying the outcomes of 

5G network deployments, offering almost perfect predictive 

capabilities with balanced precision and Recall in the test 

cases. 

In contrast, the Random Forest model shows lower 

performance, with an accuracy of 89.00%, precision at 

87.00%, recall at 91.00%, and an F1 score equal to its 

Accuracy. While still relatively high, these figures suggest that 

the Random Forest model, after adjustments, may be more 

susceptible to misclassification compared to the Logistics 

Regression model. However, it could potentially offer 

advantages in handling complex interactions and non-

linearities in the data, which are not captured by Logistics 

Regression. The table presents a concise and clear 
comparison, facilitating a quick assessment of which model 

may be more suitable for deployment prediction in 5G 

networks, considering the specific needs and nuances of the 

application. 

5. Conclusion 
The research presented a comprehensive examination of 

the deployment patterns and predictive analytics in the 5G 
telecommunications landscape. Our findings, derived from the 

application of Logistics Regression and Random Forest 

models, illuminate the nuanced dynamics of network 

deployment. The Logistics Regression model, in particular, 

showcased superior performance with near-perfect accuracy, 

precision, recall, and F1 scores, underscoring its potential as a 

reliable tool for predicting 5G deployment outcomes. 

This study not only validates the efficacy of machine 

learning models in forecasting the success of 5G network 

deployments but also highlights the importance of choosing 

the right model based on the specific requirements and 
characteristics of the data. While Logistics Regression proved 

to be more accurate in our dataset, the Random Forest model 

still holds value for its ability to handle complex, non-linear 

relationships and its robustness against overfitting in more 

variable-rich environments. 

In conclusion, the integration of machine learning into 5G 

network deployment strategies provides a significant 

opportunity to enhance decision-making processes, optimize 

resource allocation, and ultimately drive the successful rollout 

of 5G networks. Future research should focus on expanding 

the dataset, exploring other predictive models, and integrating 

real-world deployment feedback to continuously refine the 
predictive accuracy and applicability of these machine 

learning techniques in the ever-evolving domain of 5G 

telecommunications. 
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