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ABSTRACT

The increasing complexity and criticality of network arrangements in industries such as
telecommunications, production, and IoT have created maintenance as an important challenge.
Predictive maintenance (PdM) offers a resolution by utilizing machine learning (ML) methods to
forecast potential deteriorations and optimize perpetuation schedules, with reducing free time and
functional costs. This item explores the request of machine learning algorithms in predicting
maintenance for network orders. We consider various machine learning models, such as decision trees,
support vector machines (SVM), and deep learning, and their influence in identifying patterns and
concluding failures within network foundation. Through a inclusive review of existent literature and
original-realm case studies, we climax the challenges and opportunities guide executing PdM in
network systems. Furthermore, we present a framework for merging machine learning models with
existent network administration arrangements to enhance the veracity and efficiency of fault detection
and maintenance planning. The findings display that machine learning-located predictive sustenance
can considerably correct operational dependability, minimize resource usage, and longer the old age
of network components. This article aims to support valuable insights into the future of network
maintenance, advancing the acceptance of data-compelled resolutions for more adept and cost-
effective network management.
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CHAPTER 1

INTRODUCTION

In the modern era of technological advancements, network systems serve as the backbone of critical
industries such as healthcare, finance, telecommunications, and commerce. They ensure uninterrupted
communication, secure data transfer, and smooth business operations. Despite their critical role,
network systems often face persistent challenges, including unexpected hardware failures, network
congestion, and security breaches. Addressing these issues is paramount to maintaining operational
efficiency and minimizing financial losses [1][2].

Traditional network maintenance practices have largely been reactive problems are addressed only
after they occur. While this approach provides immediate troubleshooting solutions, it often leads to
extended downtimes, high operational disruptions, and escalated maintenance costs. The swift
integration of sophisticated technologies such as cloud computing, the Internet of Things (loT), and
distributed computing has further challenged conventional maintenance procedures. As a result, these
conventional methods struggle to keep up with the growing complexities of modern network
infrastructures [3].

A proactive substitute is provided by machine learning (ML)-powered predictive maintenance (PdM).
In contrast to reactive approaches, PAM uses sophisticated algorithms, real-time system monitoring,
and historical data to anticipate possible errors before they happen. That approach minimizes
downtime, improves reliability, and optimizes resource allocation. By identifying and addressing
issues preemptively, organizations can enhance network performance while significantly reducing
operational costs [4].

Machine learning is the pivotal component of artificial intelligence (Al), and has proven
transformative in predictive maintenance applications across various sectors, including
manufacturing, automotive, and IT. In the context of network systems, ML algorithms analyze
extensive datasets to detect anomalies and predict potential issues in areas such as CPU utilization,
network traffic, and bandwidth usage. For example, by observing patterns in packet loss and latency,
ML models can forecast system failures or congestion, enabling timely interventions and cost savings

[5].

This thesis investigates the role of machine learning in predictive maintenance for network systems.
It evaluates algorithms such as Random Forest, Support Vector Machines (SVM), and Neural
Networks for their ability to forecast hardware breakdowns, bandwidth bottlenecks, and security
threats. The integration of these ML-driven strategies into network management frameworks promises
enhanced reliability, reduced downtime, and cost-effective operations. The findings from this study
aim to contribute to the growing body of knowledge by supporting intelligent, data-driven network
management practices [6].

13



1.1 Background

Predictive Maintenance (PdM) emerged as a solution to these challenges. By utilizing advanced
technologies such as Machine Learning (ML), PdM facilitates the early identification of potential
system failures. PAM works by analyzing large datasets collected from network monitoring systems,
identifying patterns that may signal upcoming issues. Key parameters such as CPU utilization, network
traffic, bandwidth usage, and packet loss are monitored and analyzed to predict system performance
and prevent downtime [8].

Machine Learning models, including Random Forest, Support Vector Machines, and Neural
Networks, have proven effective in identifying and mitigating risks in network systems. These models
can detect anomalies and provide accurate predictions of system failures, enabling network
administrators to take preemptive actions. For example, in industrial settings, ML-based predictive
maintenance has reduced downtime by up to 30% and decreased operational costs by 25% [9][10].

This thesis builds upon existing studies by exploring the application of ML algorithms for predictive
maintenance in network systems. It aims to enhance network reliability, reduce downtime, and
improve resource allocation through data-driven insights. By integrating PdM into network
management frameworks, organizations can achieve greater operational efficiency and cost savings.

1.2 Objectives

Investigating the use of machine learning (ML) methods for predictive maintenance (PdM) in
the network systems is the main goal of this thesis. By using proactive maintenance techniques, this
study seeks to increase operational efficiency, decrease downtime, and improve network performance.
The specific objectives of this research are as follows:

1. To Analyze Existing Predictive Maintenance Methods: Investigate traditional network
maintenance techniques and assess their limitations in modern, complex network
infrastructures. This will include a review of reactive methods and their impact on system
reliability and cost-effectiveness.

2. To Evaluate the Potential of Machine Learning in PdM: Analyze how different machine
learning (ML) methods, like Random Forest, Support Vector Machines (SVM), and Neural
Networks, can be used to forecast hardware malfunctions, network failures, bandwidth
problems, and security risks.

3. To Develop and Train ML Models for Failure Prediction: Using historical network
performance data, develop and train machine learning models to predict system failures,
including hardware malfunctions, packet loss, and network congestion, based on real-time data
streams and historical trends.

4. To Compare Different Machine Learning Algorithms for Predictive Maintenance:
Evaluate the effectiveness and accuracy of different ML algorithms for predictive maintenance
tasks in network systems. Key performance indicators (KPIs), such as prediction accuracy,
precision, recall, and response time, will be used for comparison.

5. To Demonstrate the Practical Application of ML in Network Management: Implement a
case study or experimental setup where machine learning-driven predictive maintenance
models are tested on real-world network systems. This will demonstrate the practical benefits
of predictive maintenance in terms of reduced downtime, cost savings, and improved system
reliability.

14



6. To Propose Best Practices for Integrating PdM in Network Management Frameworks:
Based on the research findings, propose guidelines and best practices for integrating predictive
maintenance strategies powered by machine learning into existing network management
frameworks. The goal is to enhance proactive monitoring and decision-making for network
administrators.

7. To Evaluate Predictive Maintenance's Effect on Network Performance: Analyze how
predictive maintenance affects important network performance indicators like bandwidth
usage, latency, uptime, and maintenance expenses. This will help quantify the effectiveness of
implementing ML-driven predictive maintenance in real-world scenarios.

By achieving these objectives, this thesis will contribute to advancing the understanding and practical
application of machine learning for predictive maintenance in network systems, leading to more
efficient, reliable, and cost-effective network management practices.

1.3 Motivation

In the interconnected universe, network systems are the backbone of every industry, powering
everything from communication to data processing and decision-making. However, the growing
complexity of these networks, coupled with the increasing demand for uninterrupted services, has
made network reliability and maintenance critical challenges. Conventional reactive maintenance
techniques, which deal with problems only after they arise, result in a great deal of downtime, higher
expenses, and decreased productivity. This has highlighted the need for proactive approaches to ensure
seamless network operations.

The advent of machine learning (ML) offers an unprecedented opportunity to revolutionize predictive
maintenance (PdM) in network systems. ML algorithms, capable of analyzing large volumes of data
and identifying patterns, can predict potential failures before they occur, enabling preemptive actions
to minimize disruptions. The potential to combine real-time monitoring with predictive analytics
inspired me to explore how these technologies can be effectively harnessed for network maintenance.

Furthermore, network systems are often subject to various risks, such as hardware failures, bandwidth
congestion, and security threats. As an MS Information Security student, | have a keen interest in
addressing these challenges using innovative and data-driven solutions. The ability of machine
learning to handle complex datasets and provide accurate predictions aligns perfectly with the goals
of improving network efficiency, reducing operational costs, and enhancing system reliability.

Another driving factor for this research is the real-world significance of predictive maintenance.
Industries are increasingly adopting automation and advanced technologies to stay competitive, and
predictive maintenance plays a vital role in achieving operational excellence. By applying ML to
network systems, organizations can transition from reactive to proactive maintenance, thereby gaining
a competitive edge while ensuring business continuity.

Finally, my academic background, hands-on experience in network systems, and passion for solving
real-world issues in the field of information technology and security have further fueled my interest in
this research. The opportunity to contribute to growing body of the knowledge in this domain and
propose innovative solutions to an industry-relevant problem serves as a significant source of
motivation for this thesis.

In summary, the convergence of the challenges posed by traditional maintenance approaches, the
transformative potential of machine learning, and the desire to contribute to the field of network
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systems and information security form the core motivation for this research. Through this study, I aim
to provide actionable insights and practical solutions for predictive maintenance in network systems.

1.4 Future Focus

The integration of machine learning (ML) in predictive maintenance for network systems has emerged
as a transformative approach, addressing many limitations of traditional reactive methodologies.
While the current study demonstrates the feasibility and effectiveness of ML-driven models, future
advancements and research opportunities are crucial to overcoming existing barriers and maximizing
the potential of those technologies. Below outlines are the key directions for future focus in this
domain.

1.4.1 Improving Data Diversity and Quality

A significant limitation in current predictive maintenance frameworks is the lack of access to diverse,
high-quality datasets. Many models rely on synthetic or simulated data, which may not fully capture
the complexity of real-world networks. Future research should prioritize the collection and sharing of
comprehensive datasets from various industries and network architectures. Establishing standardized
protocols for data annotation, preprocessing, and anonymization will be critical for advancing this
goal.

1.4.2 Real-Time Predictive Capabilities
The increasing demand for real-time monitoring and maintenance necessitates the development of
faster and more efficient predictive algorithms. Techniques such as stream processing, online learning,
and edge Al can enable real-time predictions, empowering administrators to act instantaneously.
Future work should focus on integrating these techniques into predictive maintenance frameworks to
achieve high-speed, low-latency performance.

1.4.3 Enhancing Model Interpretability with Explainable Al
As machine learning models grow more complex, their "black box" nature poses a challenge for
adoption and trust. Explainable Artificial Intelligence (XAI) offers a solution by providing clear and
understandable insights into model decisions. Future studies should incorporate XAl into predictive
maintenance systems, allowing network administrators to better understand and trust ML predictions,
thereby enhancing decision-making.

1.4.4 Adapting to Emerging Network Architectures

New opportunities and difficulties are brought about by the quick development of network
technologies like 5G, software-defined networking (SDN), and network function virtualization (NFV).
Future research should tailor ML models to the unique demands of these architectures, such as ultra-
low latency, dynamic topology changes, and increased data heterogeneity. Developing adaptable,
architecture-specific models will be crucial to meeting these requirements.

1.45 Addressing Class Imbalance and Rare Event Prediction
In network systems, failure events are rare compared to normal operations, leading to imbalanced
datasets. Standard ML models often struggle to accurately predict these rare events. Future work
should explore advanced techniques such as oversampling, synthetic data generation, and cost-
sensitive learning to mitigate class imbalance. Additionally, anomaly detection methods could be
incorporated to identify rare but critical patterns in network performance.

16



1.4.6 Energy Efficiency and Environmental Sustainability

The computational demands of training and deploying ML models can lead to high energy
consumption. Future research should explore energy-efficient algorithms and hardware, such as low-
power Al chips and distributed training techniques, to minimize the environmental impact of
predictive maintenance systems. This aligns with global sustainability goals and increases the
feasibility of large-scale deployments.

1.4.7 Hybrid and Ensemble Approaches
Combining the strengths of the distinct machine learning paradigms like traditional supervised
learning, unsupervised learning, reinforcement learning, and deep learning—can enhance the
performance and robustness of predictive maintenance systems. Future efforts should explore hybrid
and ensemble models, enabling systems to adapt to diverse scenarios and learn from evolving network
conditions.

1.4.8 Security and Ethical Considerations
As ML models become integral to network maintenance, ensuring their security is paramount.
Adversarial attacks, data poisoning, and other threats could compromise the reliability of predictive
systems. Future research should focus on developing robust, secure ML frameworks and implementing
ethical guidelines for responsible Al usage in network systems.

1.4.9 Quantifying Economic Benefits and ROI
To drive industry adoption, future studies must evaluate the economic impact of ML-driven predictive
maintenance. Quantitative analyses of cost savings, return on investment (ROI), and productivity
improvements will help organizations understand the tangible benefits of transitioning from reactive
to predictive strategies.

1.4.10 Promoting Human-Al Collaboration
Although ML models are powerful, human expertise remains indispensable for effective network
management. Future research should emphasize the design of intuitive interfaces and decision-support
systems that facilitate collaboration between human administrators and Al models. By incorporating
human feedback into the training process, these systems can become more adaptive and user-friendly.

The future of predictive maintenance in network systems lies in the seamless integration of advanced
machine learning models with real-world network management frameworks. Addressing the outlined
challenges and exploring innovative solutions will pave the way for more resilient, efficient, and
intelligent network infrastructures. This future focus not only highlights areas for technical innovation
but also emphasizes the broader implications for sustainability, security, and economic impact.
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CHAPTER 2

LITERATURE REVIEW

Predictive maintenance (PdM) has emerged as a transformative field of research, spanning diverse
industries such as manufacturing, automotive, aerospace, and network systems. In the realm of
network management, PdM focuses on predicting potential breakdowns in key components like
routers, servers, and switches before they occur, thereby preventing disruptions to system efficiency.
This proactive approach contrasts with traditional reactive maintenance, which addresses failures only
after they happen. By leveraging PdM, organizations can achieve reduced downtime, enhanced
resource allocation, and improved operational effectiveness [1][2].

Machine learning (ML) performs a excellent role in enabling PdM by utilizing network performance
data to forecast failures. Metrics such as CPU utilization, network traffic, packet loss, bandwidth
usage, and latency serve as critical inputs for ML algorithms. These models analyze vast amounts of
data to detect patterns that signify impending issues, such as hardware malfunctions or network
congestion. Such capabilities facilitate timely intervention, including component replacement,
configuration adjustments, or anomaly identification to mitigate security risks [3][4].

This chapter delves into the existing body of knowledge on PdM and ML in network systems. It
discusses traditional maintenance strategies, ML techniques, challenges in implementation, and
emerging trends in the field.

2.1Machine Learning in Network Monitoring

Traditional network maintenance approaches have long relied on reactive and preventive strategies.
Reactive maintenance addresses issues only after they occur, often resulting in prolonged downtimes,
increased operational costs, and inefficiencies. Preventive maintenance, while proactive, schedules
interventions based on predefined thresholds or time intervals. However, this approach may lead to
over-maintenance or overlooked failures, particularly in dynamic and complex network environments

[51[6].

PdM, enabled by ML, offers a data-driven alternative that anticipates failures before they disrupt
operations. By analyzing historical and real-time network data, PdM identifies patterns indicative of
potential breakdowns. This approach not only enhances reliability but also optimizes maintenance
schedules and resource allocation [7].

For instance, ML models can predict hardware failures in network components by analyzing CPU
utilization trends, packet loss rates, and traffic spikes. These insights empower administrators to
implement preventive measures, ensuring uninterrupted network operations and minimizing downtime

[8].
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2.2 Machine Learning Techniques for Predictive Maintenance

2.2.1 Supervised Learning Algorithms

Supervised learning algorithms have been extensively applied in PAM due to their ability to utilize
labeled data for training. Decision trees, support vector machines (SVM), and Random Forest are
prominent examples.

Decision Trees: Known for their simplicity and interpretability, decision trees are particularly
effective for analyzing structured datasets. However, their performance may degrade in high-
dimensional or noisy environments [9].

Support Vector Machines (SVM): SVM has demonstrated high accuracy in binary classification
tasks, making it suitable for predicting network failures. Tang and Zhang (2020) reported an accuracy
of 89% in using SVM to forecast failures in telecommunications systems [10].

Random Forest: As an ensemble learning method, Random Forest combines multiple decision trees
to enhance robustness and accuracy. It has been successfully employed to detect hardware failures by
analyzing features like bandwidth utilization and CPU load [11].

2.2.2 Deep Learning Approaches

Deep learning (DL) technigues, such as convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), have revolutionized PdM by enabling the analysis of complex and high-
dimensional data.

Convolutional Neural Networks (CNNs): CNNs excel in extracting spatial features from data, making
them ideal for analyzing time-series performance metrics. Ghosh and Mukherjee (2020) demonstrated
that CNNs outperform traditional ML models in detecting anomalies in network traffic [12].

Recurrent Neural Networks (RNNs): RNNs are well-suited for temporal data, as they can capture
sequential dependencies. Studies have shown that RNNs improve failure prediction accuracy by up to
20% in dynamic network environments [13].

2.2.3 Hybrid and Ensemble Methods

Hybrid models that integrate traditional ML and DL techniques offer enhanced performance by
leveraging the strengths of both approaches. Ensemble methods, such as Gradient Boosting Machines
(GBM) and XGBoost, have gained popularity for their ability to handle imbalanced datasets and noisy
data. These methods are particularly effective in scenarios where single models may struggle to
capture intricate patterns [14].

2.3Challenges in Implementing Predictive Maintenance

2.3.1 Data Imbalance

In network systems, failure events are rare compared to normal operations, leading to imbalanced
datasets. This imbalance often results in models biased toward the majority class, limiting their ability
to detect rare but critical failures. Oversampling techniques, such as Synthetic Minority Oversampling
Technique (SMOTE), and cost-sensitive learning approaches have been proposed to address this
challenge [15][16].
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2.3.2 Scalability

Modern networks generate vast amounts of data, necessitating scalable ML models capable of real-
time processing. Although DL models provide high accuracy, their computational demands pose
challenges for real-time deployment. Cloud-based solutions and edge computing are emerging as
practical approaches to enhance scalability [17].

2.3.3 Interpretability

The interpretability of ML models remains a critical barrier to their adoption in PdM. Complex models,
especially DL techniques, are often viewed as "black-box" systems. Explainable Al (XAIl) methods,
such as SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-Agnostic
Explanations), can provide insights into model decision-making, fostering trust and facilitating
integration into network management workflows [18].

2.4Recent Advances and Future Directions
Recent advancements in ML for PdM emphasize improving model accuracy, interpretability, and
adaptability. Key areas of progress include:

Real-Time Predictive Analytics: Advances in edge computing and distributed processing enable
real-time predictions, reducing latency and enhancing responsiveness [19].

Security-Aware PdM: Integrating security measures into predictive models helps mitigate risks from
adversarial attacks and data poisoning, ensuring robust performance in dynamic environments [20].
Explainable Models: The development of XAl techniques enhances transparency, allowing
administrators to understand and trust ML-driven predictions [21].

Adaptive Learning: Incorporating reinforcement learning and hybrid models improves adaptability
to evolving network conditions, ensuring sustained reliability [22].

This chapter reviewed the existing literature on predictive maintenance, focusing on ML techniques
and their application to network systems. While traditional methods have limitations in scalability and
efficiency, ML offers robust solutions to predict failures proactively. However, challenges such as
data imbalance, scalability, and interpretability require further research. These insights provide the
foundation for the methodology discussed in the next chapter.
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CHAPTER 3

DATA COLLECTION AND METHODOLOGY

The goal of this research is to apply machine learning models to predict failure events in network
systems. Below is a detailed breakdown of the methodology employed to achieve this objective:

3.1Data Collection

Since real-world network performance data was not available for this study, a synthetic dataset was
generated. The synthetic data simulates typical network performance features, which are commonly
used for predictive maintenance tasks. The dataset includes the following key features which is shown
in Table 1:

Table 1: Key Features

Metric Range
CPU Usage 30% to 90%
Network Traffic 10 Mbps to 1000 Mbps
Packet Loss 0.0% to 1% (0.0 to 0.01)
Bandwidth Utilization | 50% to 100%

Additionally, a binary Failure label was assigned to each data point, where a value of 1 indicates a
failure event and 0 indicates no failure. The failure events were randomly distributed, with 20% of the
samples labeled as failure and 80% as no failure.

3.2 Feature Engineering

The primary features used to train the machine learning models are:
e CPU Usage: Represents how much CPU capacity is being used by the network equipment.
o Network Traffic: Represents the amount of data being transferred through the network.

o Packet Loss: Represents the percentage of data packets lost during transmission, which could
indicate network issues.

« Bandwidth Utilization: Reflects the usage of the available network bandwidth, which could
indicate congestion or potential bottlenecks.

Additional feature engineering (such as time-based features like moving averages, lagged values, or
aggregation of network metrics over time) could further enhance the performance of the models but
was not included in this study for simplicity.

3.3 Data Preprocessing

To ensure the generalization of the synthesized data, the make Synthetic dataset was randomly divided
into training dataset and testing dataset with 70:30 proportion respectively, where seventy percent of
the synthesized data was used in training the models while the remaining thirty percent was used for
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testing. This approach helps to maintain the validation of the models on different unseen data to
estimate the generality of the models.

Since the dataset was imbalanced (with 80% non-failure and 20% failure events), we initially did not
apply any resampling techniques (e.g., oversampling the minority class or under sampling the majority
class). However, it is acknowledged that addressing the imbalance would be a key step for future work.

3.4 Experimental Setup
The experimental setup involves the following steps:

1. Data Generation: A synthetic dataset is created with the described features (CPU usage,
network traffic, packet loss, and bandwidth utilization) and a binary failure label. This dataset
simulates typical real-world network performance data.

2. Model Selection: We employed three machine learning algorithms to predict network failures:

o Random Forest Classifier: Majority voting on multiple decision trees to make the
final decision on insurance to be undertaken by an individual.

e Support Vector Machine (SVM): A supervised learning algorithm that attempts to
find the optimal hyperplane separating the data into different classes.

e Neural Network (MLPClassifier): A multi-layer perceptron model used for
classification, capable of capturing complex, non-linear patterns in the data.

3. Model Training: The models were trained on the training set (70% of the data) and evaluated
using the testing set (30% of the data). The training process involved using default
hyperparameters for each model, though hyperparameter tuning could be explored in future
studies.

4. Evaluation Metrics:

The achieved results were used for evaluating the models employing several serious
characteristics that demonstrated the efficacy of the classifier. Accuracy can be defined as the
percentage of all patient cases classified correctly with respect to the percentage of all patient cases
that were predicted. Accuracy concerns itself with the predicted positive, to determine the extent
of actual positive cases that were forecast as positive Solution to this problem involves; Recall on
the other hand calculates the percentage of true positive predictions to total actual positive
instances showing capability of the model on identifying positives. The F1-Score then incorporates
precision and recall into a single measure, computing in equal balance, the harmonic meaning of
the measures so that depiction is balanced particularly where there is skewed class distribution.
Finally, the Confusion Matrix again provides the counts of real positives, false positives, real
contradiction, and false contradiction to visually present the details of the model in terms of where
it goes wrong. These two versifications collectively form the basis of a ground-up sound and
unified judgment of the model’s performance.

5. Results Analysis: The results from all models were distinguished to assess their talent to
predict failure occurrences accurately. Key metrics (accuracy, precision, recall, and F1-score)
were used to evaluate the influence of the models, and confusion forms were plotted for further
understanding.

22



3.5 Tool Used

The implementation of the complete machine learning pipeline was completed activity using the
following tools and libraries:

Python: The basic set up language used to implement the models, preprocess the data, and
produce the results.

NumPy: Used for mathematical movements and produce synthetic data for features like CPU
usage, network traffic, small loss, and bandwidth utilization.

Pandas: Used for management and manipulating the dataset, containing dividing the data into
preparation and experiment sets.

Scikit-learn: The core library for achieving machine learning models (Random Forest, SVM,
and Neural Networks) and for judging the model’s utilizing metrics like accuracy, precision,
recall, and F1-score.

Matplotlib: Used for producing plots such as confusion matrices and acting versification
graphs.

Seaborn: Used for visualizing disorientation models in a heatmap layout for better clearness
and understanding.

3.6 Model Implementation

Each model was achieved following a similar approach utilizing default backgrounds and compatible
preparation and evaluation steps. For the Random Forest model, the default parameters of the Random
Forest Classifier were used, and the model was prepared on the appearance from the training dataset,
accompanying predictions made on the test dataset. Similarly, the SVM model was executed utilizing
the default settings of the Support Vector Classifier (SVC), prepared on the preparation set, and
evaluated by making predictions on the test set. Lastly, the Neural Network model was formed
utilizing the default limits of the Multi-Layer Perceptron Classifier (MLP Classifier), prepared on the
training dataset, and evaluated using the test set. All models trailed this patterned process to guarantee
a fair comparison of their performance.
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Figure 1: Model Implementation

A thorough illustration of the model implementation procedure for machine learning-based predictive
maintenance is given by the flowchart in figure 1. This systematic approach ensures that data is

effectively processed, models are trained, and performance is evaluated. Each step-in implementation
is described below:
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Start
The implementation process begins with the objective of developing machine learning
models to predict network failures and enhance system reliability.

Load Data

The raw data collected from network systems—comprising performance metrics such as
CPU utilization, network traffic, packet loss, and latency—is loaded into the pipeline. This
dataset forms the basis for model training and evaluation.

Preprocess Data
Preprocessing is a critical step to ensure data is suitable for machine learning. The following
operations are performed:

o Handling Missing Values: Imputing or removing missing or inconsistent data
entries.

o Balancing the Dataset: Addressing class imbalance using techniques like
oversampling or undersampling to improve model performance.

o Feature Engineering: Selecting and transforming features relevant to the prediction
task.

o Normalization/Scaling: Standardizing feature values to ensure consistency across the
dataset.

Split Data into Training and Test Sets

The dataset is divided into training and test sets, typically in a 70:30 or 80:20 ratio. The
training set is used for model learning, while the test set is reserved for evaluating the
generalizability of the trained models.

Model Training and Prediction
Three machine learning models are implemented in parallel, each trained with default
parameters initially:

o RandomForestClassifier: This ensemble-based algorithm uses multiple decision trees
to improve prediction accuracy and robustness. It is particularly effective at handling
complex data with noisy features.

o Support Vector Classifier (SVC): This algorithm is used to identify the optimal
hyperplane that separates data points into their respective classes, making it suitable
for binary classification tasks.

o MLPClassifier (Neural Network): A neural network-based approach capable of
learning intricate patterns in the data, making it highly effective for complex and non-
linear problems.
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6. Make Predictions on Test Set
After training, each model is tested on the reserved test dataset. The trained models make
predictions regarding the occurrence of network failures.

7. Evaluate Performance
The performance of each model is evaluated using key metrics such as:

o Accuracy: The proportion of correct predictions.

o Precision and Recall: Metrics to evaluate the model's ability to correctly identify
failures.

o F1-Score: The harmonic means of precision and recall, especially important for
imbalanced datasets.

o Confusion Matrix: This research provides definitions and real-life examples of true
positives, true negative, false positives, and false negative classifications.

8. Compare Model Performances
The results of the three models are compared to determine the most effective approach for
predictive maintenance. The comparison focuses on metrics such as prediction accuracy,
efficiency, and robustness under real-world conditions.

9. End
The implementation process concludes with the identification of the best-performing model.
The selected model is prepared for integration into real-world network environments to
support predictive maintenance strategies.

3.7 Model Hyperparameter Tuning

For the purpose of this study, we used the default hyperparameters of each model. However, for future
work, hyperparameter tuning can be done using techniques such as grid search or random search to
optimize the models for better performance.
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Figure 2: Proposed Methodology

In figure 2 outlines a proposed methodology for predictive maintenance using machine learning.
Below is a textual explanation of the steps presented in the chart:

1. Dataset Collection
Gather data related to network performance and anomalies from sources such as the NSL-

KDD dataset or other relevant repositories.

2. Feature Engineering
Extract and select the most relevant features from the dataset to improve the performance of

the machine learning model.

3. Data Preprocessing
Clean, normalize, and prepare the data for analysis, ensuring it is suitable for training
machine learning models.
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Model Selection
Select the best machine learning algorithms, including the decision trees, the random forests,
and the neural networks, for predictive maintenance tasks.

Model Training
Train the selected models using the prepared dataset to predict failures or anomalies in the
network system.

Evaluation Metrics
Use performance metrics such as accuracy, precision, recall, and F1-score to assess the
effectiveness of the model.

Results Analysis
Analyze the outcomes, interpret insights, and validate the model's performance against real-

world conditions.
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CHAPTER 4

RESULTS & DISCUSSION

This chapter presents the performance of the machine learning models that was assessed based on their
ability to predict network failures. The following results were obtained:

4.1 Random Forest

Table 2: Random Forest Model Evaluation

Metric Value | Explanation

Accuracy 82% | The percentage of total predictions was correct. In this case, the model
correctly predicted 82% of instances.

Precision 22.2% | Out of all the positive predictions made, only 22.2% were correct. It
shows how accurate the positive predictions are.

Recall 4.1% | Among the actual positive instances, only 4.1 percent were classified by
the model as positive instances. This acts to demonstrate that the model
can identify positive instances.

F1-Score 6.9% | The harmonic means of precision and recall, to give a good measure of
each and a balance between them. Low F1-Score means low accuracy and
poor recall ratio as well as low precision ratio.

Confusion

Matrix

- True | 244 The number of cases that were predicted to be negative, among which

Negatives indeed there were no negative aspects (the model accurately identifies 244

(TN) true-negative cases).

- False | 7 This retracts to the number of cases of negatives which the model placed

Positives (FP) as positives, which were 7.A.

- False | 47 Number of non-negative instances that were categorized as negative

Negatives (there were 47 false negatives).

(FN)

- True | 2 This means that, out of the cases that the model had classified as positive,

Positives (TP) only 2 could be deemed accurate (in fact, the model only identified two
positive instances).

The Random Forest has given an accuracy of around 82% which means that 82% of the total
predictions made by the model are correct. However, this metric is somewhat misleading because the
model’s performance on the positive class is very poor. With a precision of 22.2%, the model only
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correctly predicted 22.2% of the instances it labeled as positive, meaning most of its positive
predictions were incorrect. Additionally, the recall is very low at 4.1%, suggesting that the model only
identified 4.1% of the actual positive cases, missing the vast majority of them. The F1-Score of 6.9%,
which balances precision and recall, reflects the model's failure to effectively identify positive cases,
as both precision and recall are low.

Confusion Matrix - Random Forest
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Figure 3: Confusion matrix of Random Forest

Looking at the confusion matrix, the model correctly predicted 244 instances as negative (True
Negatives) and made 7 incorrect positive predictions (False Positives). However, it missed 47 positive
cases (False Negatives) and correctly predicted only 2 positive cases (True Positives). This indicates
a significant bias towards the negative class, where the model is good at identifying negative cases but
almost entirely fails to detect the positive class. This result points to a potential issue with class
imbalance, where the model might be underperforming on the minority class (positive instances), and
suggests that improvements such as handling class imbalance or adjusting the model's focus on
positive cases might be necessary.

Observation: While the model provided decent accuracy rating, several failure events remained
unrecognizable according to the Random Forest model. Recall or the ability to identify the minority
class, in this case, failure, is also low because of the low precision.
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4.25VM

Table 3 Model Evaluation of SVM Model

Metric Value | Explanation

Accuracy 83.7% | The percentage of total predictions was correct. In this case, the model
correctly predicted 83.7% of instances. However, this high accuracy is
largely due to the correct prediction of the negative cases, not the positive
cases.

Precision 0% Of the many positive sentiments that were forecasted none turned out to be
true. This implies that for all the actual positives the model never got any
of them right.

Recall 0% To be precise, none of the actual positive instances were classified as
positive by the model. Unfortunately, no positive cases of the model were
detected.

F1-Score 0% An average measure of the accuracy and quantity of the delivered
information. As both precision as well as recall is zero, therefore, F1-Score
is also zero. This means that the model under consideration performs rather
poorly in identifying the positive cases.

Confusion

Matrix

- True | 251 Total number of instances that were correctly classified as negative; The

Negatives model correctly classified 251 instances of the truly negative cases..

(TN)

- False | O The number of false negatives that the model made (it made no false

Positives positive predictions).

(FP)

- False | 49 The number of real negatives the model predicted as instances which were

Negatives missed positive cases (It is 49).

(FN)

- True | O The number of instances for which the model predicted the right class of

Positives being positive (There were no positive cases according to the model).

(TP)

The results of the SVM model are an accuracy of 83.7% which, if you look at it from the first glance,
may seem quite a good result. However, this accuracy is deceptive because it is the result of both
accurate assignment of negative class and the failure to identify positive cases. The model accuracy
was established at 0% and this suggests that if the model predicts for the positive it is actually wrong
on all accounts. Likewise, the recall has also been found to be 0% which means that the model even
missed the actual positive instances — the probability of which is low. Consequently, the F1-Score is
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also 0 percent, which means that the model does not achieve any good balance between precision and
recall.
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Figure 4 Confusion Matrix of SVM Model

From the confusion matrix, the model correctly predicted 251 true negatives (TN), indicating it was
accurate in predicting negative cases. It did not make any false positive (FP) predictions, which means
it did not incorrectly label any negative instances as positive. However, it missed all 49 actual positive
cases (False Negatives, FN) and failed to correctly predict any positives (True Positives, TP). This
result suggests that the model is highly biased toward predicting the negative class and is not learning
to identify the positive class, which could be due to a class imbalance, inadequate feature selection, or
improper training. To improve, the model might need adjustments, such as addressing class imbalance
or refining its focus on the positive class to detect positive instances more effectively.

Observation: The SVM model failed to predict any failures. It predicted no positive events, indicating
an issue with handling the imbalance in the dataset.

4.3Neural Network
Table 4 Model Evaluation of Neural Network

Metric Value | Explanation

Accuracy 83.7% | The percentage of total predictions was correct. This value is high because
the model predicts most of the negative cases correctly.
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Precision 0% Out of all the positive predictions made, none were correct. This indicates
that the model did not predict any positive cases correctly.

Recall 0% However, among all the actual positive cases in the test data, the model
making a correct classification was zero. This proved that the model has
the ability to locate no positive situations at all.

F1-Score 0% F1 measure is the harmonic mean of precision and recall, which equals 0
since precision as well as recall is 0.. This shows that the model is not very
successful at identifying the positive class of observations.

Confusion

Matrix

- True | 251 The ideal cases that were identified as negative through the algorithm.

Negatives There is an accurate 251 true negatives founded by the model.

(TN)

- False | O The count of cases incorrectly classified as positives. No cases of false

Positives (FP) positive predications were made in the project.

- False | 49 The number of instances that were incorrectly predicted as negative. The

Negatives model missed 49 positive cases.

(FN)

- True | O The number of instances which were correctly classified as positive cases.

Positives (TP) According to the model, the data did not contain any positive implication.

The Neural Network model gave an accuracy of 83.7% meaning Neural Network model was right in
identifying 83.7% of all instances. However, this has high accuracy it means the model is merely
correct that those are negative but is unable to identify the positive ones. Specificity is 0%, which
shows that, when the model makes a prediction of positive status, all those predictions are actually
wrong. The recall is also 0%, meaning that the model is completely omitting all actual positive
instances. Therefore, the F1-Score is also set at 0%, the metric being the harmonic mean of precision
and recall both of which stand at zero percent.
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Figure 5 Confusion Matrix of Neural Network

In the confusion matrix, the model correctly identified 251 true negatives (TN), which explains the
high accuracy in predicting negative cases. The model did not make any false positive (FP) predictions,
meaning it did not incorrectly label any negative instances as positive. However, it missed 49 positive
instances (false negatives, FN) and failed to correctly identify any of the actual positive cases (true
positives, TP). This suggests a significant bias toward predicting the negative class, and the model’s
inability to identify the positive class could be due to issues like class imbalance, poor training, or
inadequate feature extraction. Similar to the SVM model, the Neural Network model appears to be
underperforming on the positive class, and steps such as balancing the dataset, adjusting model
hyperparameters, or refining the training process may be necessary to improve its ability to detect
positive instances.

Observation: Similar to the SVM, the neural network model failed to predict failure events, showing
a lack of performance in the minority class.

4.4Comparison of All models
Table 5 Comparison of All Models

Metric Random Forest | SVM | Neural Network
Accuracy 82% 83.7% | 83.7%

Precision 22.2% 0% 0%

Recall 4.1% 0% 0%

F1-Score 6.9% 0% 0%
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True Negatives (TN) | 244 251 251
False Positives (FP) |7 0 0
False Negatives (FN) | 47 49 49
True Positives (TP) | 2 0 0

Key Insights:

e The Random Forest model provided the best overall accuracy but still struggled with detecting
failure events, likely due to the imbalanced dataset.

e Both SVM and Neural Network models failed to detect failure events, which points to the need
for addressing class imbalance through techniques like oversampling the minority class or
using class weights.

4.4.1 Visual Representation

Accuracy

o o e o
n o ~ o

Accuracy

e
E-N

0.3}

0.2

0.1}

0.0

Random Forest SVM Neural Network

Figure 6: Accuracy Comparison of All models
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Figure 10: Model Comparison

Fig 11 presents a set of model evaluation metrics and a confusion matrix to assess the performance of
a predictive model. The model achieved an accuracy of 82%, meaning it correctly predicted 82% of
all instances. However, precision and recall values are much lower, with precision at 22.2%, indicating
that only 22.2% of positive predictions were actually correct, and recall at 4.1%, showing that the
model identified just 4.1% of the actual positive instances. The F1-Score is 6.9%, that is reduced,
indicating the model's struggle to balance precision and recall. The confusion matrix further breaks
below the predictions, appearance that the model right labeled 244 true negatives (TN) but made 7
false positive (FP) and 47 false negative (FN) errors, while only right labeling 2 true positives (TP).
These results suggest that while the model is correct overall, it has a meaningful issue accompanying
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labeling helpful cases, displaying a need for improvement in management class imbalance or cleansing
the model's sensitivity.

38



CHAPTER 6

CONCLUSIONS

This research aimed to predict failure events in network systems using machine learning models,
leveraging a synthetic dataset comprising features such as CPU usage, network traffic, packet loss,
and bandwidth utilization. The study employed three machine learning algorithms: Random Forest,
Support Vector Machine (SVM), and Neural Networks, achieving overall accuracy scores of up to
83.7%. While these results reflect the models' ability to correctly classify a majority of cases, they
revealed significant limitations in identifying the minority failure events. Metrics such as precision,
recall, and F1-Score demonstrated poor performance in detecting positive cases, with SVM and Neural
Network models failing to predict any true positives and Random Forest achieving limited success.
The confusion matrices reinforced this observation, showing a heavy bias toward the negative class.

The analysis underscores the primary challenge faced in predictive maintenance for network systems:
the inherent imbalance in datasets where failure events are significantly outnumbered by normal
operations. This imbalance limits the models’ ability to generalize and correctly identify rare but
critical failure events. Nevertheless, it offers a strong starting point for the process of predicting
maintenance needs in the network through applying machine learning models. Thus, the results
showing the discrepancies in performance and the pow emerged from the study constitute a valuable
starting point for designing better, more precise, and less costly large-scale predictive maintenance
systems in the foreseeable future.

Future Focus
Future research should prioritize addressing the challenges identified in this study, particularly the

issue of class imbalance. One approach is to apply advanced data preprocessing techniques such as
oversampling minority cases using methods like SMOTE (Synthetic Minority Over-sampling
Technique), under sampling the majority class, or hybrid techniques to create more balanced datasets.
Additionally, incorporating cost-sensitive learning or applying class weights during model training
can help improve the focus on minority class predictions without compromising overall accuracy.

Another critical direction involves the use of real-world datasets instead of synthetic data. Real-world
datasets not only provide richer and more complex patterns but also reflect the practical challenges of
network operations, thereby improving the models' applicability to real scenarios. Advanced feature
engineering should also be explored to identify new, more predictive features and reduce noise in the
data. Techniques such as principal component analysis (PCA) or domain-driven feature selection can
enhance the quality of inputs to the models.

Furthermore, it is suggested that more complex machine learning methods should be explored. Other
techniques like boosting and bagging can be very useful for prediction since they use more than a
single model to boost the chances of gaining highest accuracy. The non-temporal techniques of Deep
Network Analysis using Recurrent Neural Networks (RNN) or Long Short-Term Memory (LSTM)
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are extremely effective in identifying the temporal relationships in the network and hence, fit well in
failure event time series forecasting. Additionally, transfer learning techniques could enable the
adaptation of pre-trained models for network failure detection, reducing the dependence on large,
labeled datasets.

Lastly, implementing predictive maintenance systems in live network environments should focus on
continuous learning and adaptability. Online learning algorithms allow models to update and refine
themselves as new data streams in, ensuring relevance over time. Integrating explainable Al (XAl)
techniques will also provide actionable insights to network administrators, building trust and fostering
data-driven decision-making. In combination, these advancements could significantly enhance the
reliability and efficiency of predictive maintenance systems, leading to more proactive and intelligent
network management.
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