b= |50 = Journal of Artificial Intelligence and Cyber Security (JAICS)
An International Open Access, Peer-Reviewed, Refereed Journal

ARTIFICIAL INTELLIGENCE
& CVBER SECURITY

A COMPARATIVE STUDY OF MACHINE LEARNING
ALGORITHMS FOR CYBERSECURITY ANALYST OPERATIONS
IN THREAT DETECTION

'Dr.R Karthick

! Professor, Department of Computer Science and Engineering, K.L.N. College of
Engineering, Sivaganga - 630612
Email : 'karthickkiwi@gmail.com

Abstract The growing complexity and volume of cyber threats have significantly increased the demands on
cybersecurity analysts, necessitating the adoption of automated, intelligent systems to aid in real-time threat
detection and response. Machine learning (ML) algorithms have emerged as powerful tools for identifying
anomalies, detecting intrusions, and classifying threats across diverse network environments. This paper
presents a comprehensive comparative study of several widely used machine learning algorithms—namely
Support Vector Machines (SVM), Decision Trees (DT), Random Forests (RF), K-Nearest Neighbors (KNN),
and Deep Neural Networks (DNN)—evaluating their performance in typical cybersecurity analyst workflows,
particularly in intrusion detection systems (IDS) and threat intelligence platforms. Using benchmark datasets
such as NSL-KDD and CICIDS2017, we examine the accuracy, precision, recall, F1-score, and computational
efficiency of each algorithm in detecting known and unknown attack vectors. The study also analyzes the
interpretability and practical deployment challenges of each model within Security Operations Centers (SOCs),
considering the need for real-time analysis and analyst-friendly interfaces. Results show that while deep
learning models like DNN outperform others in terms of detection accuracy, traditional algorithms like
Random Forests and Decision Trees offer greater transparency and lower computational costs, making them
more suitable for real-time applications in resource-constrained environments. Furthermore, hybrid approaches
and ensemble techniques demonstrate improved robustness in detecting sophisticated multi-vector attacks. The
paper discusses trade-offs between detection performance and operational feasibility, providing insights into
how cybersecurity analysts can integrate specific ML models based on threat profiles, organizational priorities,
and infrastructure capabilities. Finally, recommendations are made for the development of adaptive, analyst-
centric ML frameworks that support continuous learning and automated threat prioritization. This study aims
to bridge the gap between academic advancements in machine learning and their practical application in day-
to-day cybersecurity operations, contributing to the development of more intelligent, scalable, and resilient
defense mechanisms against emerging cyber threats.

Keywords: Cybersecurity, Machine Learning, Threat Detection, Intrusion Detection Systems (IDS), Anomaly
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1. INTRODUCTION

The digital age has ushered in unprecedented connectivity, enabling businesses, governments, and
individuals to benefit from the vast opportunities offered by the internet. However, this interconnectedness has
also given rise to a myriad of cyber threats that are increasingly sophisticated, frequent, and damaging.
Traditional cybersecurity measures, such as firewalls and signature-based antivirus software, are proving
inadequate in addressing these evolving challenges. As cyber adversaries employ advanced tactics, techniques,
and procedures (TTPs), there is a pressing need for more adaptive and intelligent defense mechanisms.

Cybersecurity analysts play a pivotal role in defending against these threats. They are tasked with monitoring
networks, analyzing potential vulnerabilities, and responding to security incidents. Given the sheer volume of
data generated daily and the complexity of modern cyberattacks, manual analysis alone is insufficient. Analysts
are overwhelmed with alerts, many of which are false positives, leading to alert fatigue and delayed responses.
To enhance the efficiency and effectiveness of cybersecurity operations, there is a growing emphasis on
integrating machine learning (ML) algorithms into threat detection processes.
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Machine learning, a subset of artificial intelligence, involves the development of algorithms that can learn from
and make predictions on data. In the context of cybersecurity, ML algorithms can analyze vast amounts of
network traffic, system logs, and user behaviors to identify patterns indicative of malicious activities. By
leveraging historical data, these algorithms can detect anomalies that deviate from established baselines, often
identifying threats that are novel or previously unknown.

Several ML algorithms have been explored for cybersecurity applications:

e  Support Vector Machines (SVM): SVMs are supervised learning models that classify data by finding
the optimal hyperplane that separates different classes. They have been utilized in intrusion detection
systems (IDS) to distinguish between normal and malicious activities.

e Decision Trees (DT): DTs are tree-like structures where each node represents a decision based on
feature values, leading to a classification outcome. They are interpretable and have been applied in
malware detection.

e Random Forests (RF): An ensemble method that constructs multiple decision trees and merges their
outputs to improve accuracy and control overfitting. RFs are effective in classifying complex datasets
in cybersecurity.

o K-Nearest Neighbors (KNN): A non-parametric method that classifies data points based on the
majority class among their nearest neighbors. KNN has been used in anomaly detection tasks.

o Deep Neural Networks (DNN): DNNs consist of multiple layers of neurons that can model complex
relationships in data. They have shown promise in detecting sophisticated cyber threats, such as zero-
day attacks.

Each of these algorithms offers unique advantages and limitations. For instance, while DNNs can achieve high
accuracy, they often require large datasets and significant computational resources. In contrast, SVMs and DTs
are less resource-intensive but may not capture complex patterns as effectively as DNNs. The choice of
algorithm depends on various factors, including the nature of the threat, the available data, and the specific
requirements of the cybersecurity environment. This paper aims to provide a comparative analysis of these ML
algorithms in the context of cybersecurity analyst operations. By evaluating their performance across different
threat detection tasks, we seek to identify which algorithms are most effective under specific conditions. The
findings of this study can guide cybersecurity professionals in selecting appropriate ML models for their
operational needs, balancing factors such as accuracy, interpretability, and computational efficiency. In the
subsequent sections, we will delve into the methodology employed in this comparative study, present the results
of our evaluations, and discuss the implications of our findings for the future of cybersecurity defense strategies.

2. LITERATURE SURVEY

1. SVM-Based Intrusion Detection Systems

Ngueajio et al. (2022) conducted a comprehensive survey on SVM-based IDS, evaluating models on the
KDDCUP'99 and NSL-KDD datasets. Their review highlighted the efficacy of SVMs in handling high-
dimensional data and achieving robust classification performance. However, they noted challenges such as
sensitivity to parameter tuning and the need for effective feature selection techniques to enhance model
accuracy.

2. Deep Reinforcement Learning in Cybersecurity

Sewak et al. (2022) explored the application of Deep Reinforcement Learning (DRL) in cybersecurity threat
detection. Their review emphasized DRL's potential in adapting to dynamic threat landscapes and continuously
improving detection strategies. They also discussed the integration of human expertise to refine model
predictions and reduce false positives.

3. Machine Learning Approaches for 10T Intrusion Detection

Garcia and Kavitha (2021) provided a survey on ML techniques for IDS in loT systems. They categorized
methods into supervised and unsupervised learning, discussing the trade-offs between accuracy and
computational efficiency. The study highlighted the importance of selecting appropriate ML algorithms based
on the specific requirements of 10T environments.
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4. Adversarial Machine Learning in IDS

Alatwi and Morisset (2021) reviewed adversarial machine learning in network IDS. They identified
vulnerabilities in ML models, particularly deep learning, to adversarial attacks and discussed strategies for
enhancing model robustness. Their work underscored the necessity of developing defenses against such attacks
to maintain the reliability of IDS.

5. Comparative Analysis of ML Techniques for 10T IDS

Vitorino et al. (2021) conducted a comparative analysis of various ML techniques for 10T IDS, including SVM,
XGBoost, LightGBM, Isolation Forest, Local Outlier Factor, and DRL. Their findings indicated that LightGBM
achieved the highest performance, while DRL demonstrated the potential for continuous improvement in
detection capabilities.

6. Machine Learning-Based IDS in 10T Systems

Sohaib et al. (2023) reviewed ML-based IDS methods in 10T systems, discussing the challenges posed by the
heterogeneous and dynamic nature of 10T environments. They emphasized the need for scalable and adaptable
IDS solutions to effectively address the diverse security threats in 10T networks.

7. Adversarial Attacks and Defenses in IDS

Ali and Hossain (2023) surveyed adversarial attacks against IDS, focusing on strategies and defense
mechanisms. They categorized attacks and defenses, providing insights into the effectiveness of various
approaches in enhancing the resilience of IDS against adversarial threats.

8. Machine Learning and Deep Learning Methods for IDS

Liu et al. (2020) surveyed ML and deep learning methods for IDS, highlighting the strengths and limitations of
different approaches. Their study provided a comprehensive overview of the evolution of IDS technologies and
the role of advanced learning techniques in improving detection accuracy.

9. Survey on Machine Learning for Intrusion Detection Systems

Garcia and Kavitha [3] present an extensive survey focused on a wide spectrum of machine learning methods
used for IDS, including decision trees, random forests, SVMs, and neural networks. Their study emphasizes the
critical role of feature engineering and data preprocessing to improve detection rates and reduce false positives.
The authors highlight that while supervised learning techniques dominate due to their higher accuracy on
labeled datasets, unsupervised methods such as clustering are valuable for detecting novel attacks where labeled
data is scarce. This survey also points to the importance of hybrid models that combine multiple algorithms for
better generalization and resilience.

10. IDS for Critical Infrastructure Protection

Tavares et al. [4] address the importance of machine learning-based IDS in protecting critical infrastructure,
such as power grids and transportation systems. Their review identifies the challenges unique to these
environments, including real-time constraints and the high cost of false alarms. They explore classical ML
algorithms, such as SVM, k-nearest neighbors (KNN), and ensemble methods, alongside emerging deep
learning models like convolutional neural networks (CNNs). The paper stresses the importance of domain-
specific feature extraction and advocates for continuous learning frameworks to adapt to evolving threats.

11. Machine Learning for 10T Security

Sohaib et al. [5] provide an in-depth analysis of machine learning algorithms tailored for loT security
challenges. Due to the resource-constrained nature of 10T devices, the paper discusses lightweight models and
feature selection methods to balance detection performance with computational efficiency. The review also
surveys recent advances in federated learning, which enables collaborative threat detection across devices
without sharing raw data, thus preserving privacy.

12. Adversarial Machine Learning Vulnerabilities

Alatwi and Morisset [6] systematically review adversarial machine learning (AML) attacks targeting IDS. The
study categorizes attacks such as evasion, poisoning, and exploratory attacks, explaining how attackers can
subtly manipulate inputs to mislead classifiers. They emphasize defense techniques including adversarial
training, robust feature selection, and anomaly detection systems that flag suspicious data distributions. Their
work highlights the arms race between attackers and defenders, stressing the need for ongoing adaptation in IDS
design.

13. Comparative Analysis of 10T IDS Techniques

Vitorino et al. [7] compare various machine learning algorithms—Ilike XGBoost, LightGBM, Isolation Forest,
Local Outlier Factor, and DRL—in the context of IoT IDS. The paper shows that gradient boosting algorithms
generally outperform traditional models in accuracy and computational speed, while unsupervised models
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remain critical for anomaly detection in dynamic loT traffic. Importantly, they analyze the trade-off between
model complexity and energy consumption, which is a crucial factor for 10T deployment.

14. Machine Learning and Deep Learning for IDS

Liu et al. [8] present a detailed survey on machine learning and deep learning applications in IDS, charting the
evolution from rule-based systems to neural network-based anomaly detectors. The paper covers architectures
such as recurrent neural networks (RNNS), autoencoders, and generative adversarial networks (GANS),
illustrating their capacity to capture complex temporal and spatial patterns in network data. The survey
identifies major challenges, including data imbalance, interpretability of deep models, and the scarcity of
labeled intrusion data.

15. Strategies Against Adversarial Attacks

Ali and Hossain [9] focus specifically on adversarial attacks on IDS and associated defense strategies. Their
taxonomy of attacks includes targeted and untargeted approaches, detailing how attackers can craft
perturbations to evade detection. They explore countermeasures like defensive distillation, gradient masking,
and ensemble learning, showing that no single defense is foolproof. The paper recommends combining multiple
strategies and adopting continual retraining to mitigate adversarial risks.

Synthesis and Insights

The reviewed literature collectively demonstrates significant progress in leveraging machine learning for
cybersecurity, particularly in threat detection and intrusion detection systems. Early approaches predominantly
utilized traditional classifiers such as SVMs, decision trees, and random forests, focusing on well-known
datasets like KDDCUP'99 and NSL-KDD to benchmark performance. These studies [1,3,4] highlighted the
crucial role of data preprocessing, feature engineering, and parameter optimization.

With the increasing complexity and scale of cyber threats, researchers have turned to deep learning and
reinforcement learning techniques [2,8,10] that can model intricate patterns in network traffic and adapt
dynamically to new attack vectors. Deep reinforcement learning (DRL), in particular, offers promise in
continuously improving detection policies by interacting with the environment, although challenges remain in
training stability and interpretability.

The growth of 10T networks has introduced new security challenges due to device heterogeneity, resource
constraints, and dynamic behavior. Recent surveys [5,7,13] underscore the need for lightweight and energy-
efficient models tailored for 10T contexts, as well as privacy-preserving frameworks like federated learning.

A critical emerging theme is the vulnerability of ML-based IDS to adversarial attacks. Studies [6,9,14]
extensively explore attack vectors that exploit model weaknesses and propose various defenses, yet the
adversarial arms race continues. The consensus calls for integrated defense strategies combining adversarial
training, anomaly detection, and hybrid model architectures.

Finally, there is growing recognition that no single machine learning algorithm suffices for all cybersecurity
contexts. Hybrid approaches that combine supervised, unsupervised, and reinforcement learning methods are
increasingly advocated to harness the strengths of each and improve robustness. Moreover, ongoing adaptation,
continuous retraining, and human analyst-in-the-loop systems are necessary to maintain high detection accuracy
in the face of evolving threats.

These studies collectively underscore the significant advancements in applying machine learning techniques to
intrusion detection systems. While traditional methods like SVMs have demonstrated robustness, emerging
approaches such as DRL and deep learning offer promising avenues for enhancing detection capabilities,
especially in complex and dynamic environments like 1oT. However, challenges such as model interpretability,
computational efficiency, and vulnerability to adversarial attacks remain pertinent. Future research should focus
on developing hybrid models that integrate the strengths of various ML techniques, along with strategies to
mitigate adversarial risks, to build more resilient and effective IDS solutions.

3.PROPOSED SYSTEM

1. Overview
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The primary goal of this study is to comparatively analyze various machine learning (ML) algorithms
to support cybersecurity analysts in threat detection within network environments. The proposed methodology
follows a systematic framework encompassing dataset selection and preprocessing, feature engineering,
algorithm implementation, training and testing procedures, performance evaluation, and result interpretation.
This structured approach ensures rigorous analysis of each algorithm’s strengths and limitations, with a focus on
operational utility for cybersecurity analysts.

2. Dataset Selection and Preparation

Accurate threat detection relies heavily on high-quality datasets that capture diverse attack types and
normal network behavior. For this study, two benchmark datasets are employed: KDDCUP*'99 and NSL-KDD.
These datasets are widely used in IDS research and provide labeled network traffic records, enabling supervised
learning and comparative benchmarking.

o KDDCUP'99 Dataset: Contains simulated network traffic with 41 features per record, including
continuous and categorical attributes. It includes a variety of attack types such as DoS, Probe,
R2L, and U2R.

e NSL-KDD Dataset: An improved version of KDDCUP'99 with redundant and duplicate records
removed, providing a more balanced and challenging dataset for evaluating IDS models.

Data Preprocessing

Preprocessing is critical for improving model accuracy and efficiency. The following steps will be
implemented:

e Data Cleaning: Removal of duplicates, handling missing values, and correcting inconsistent
records.

e [Feature Encoding: Conversion of categorical features (e.g., protocol type, service, flag) into
numerical representations using one-hot encoding or label encoding.

e Normalization: Scaling of continuous features to a standard range (e.g., 0 to 1) using Min-Max
normalization or z-score standardization to prevent bias in distance-based algorithms.

e Data Balancing: Addressing class imbalance through techniques such as Synthetic Minority
Over-sampling Technique (SMOTE) to avoid bias toward majority classes.

e [Feature Selection: Applying statistical methods and feature importance analysis (e.g., Recursive
Feature Elimination, Information Gain) to reduce dimensionality, improve computational
efficiency, and eliminate redundant or irrelevant features.

3. Machine Learning Algorithms

The study compares a selection of machine learning algorithms representing diverse learning
paradigms, widely recognized in IDS research for their varying strengths:

e Support Vector Machines (SVM): Effective for high-dimensional classification tasks, SVM
finds an optimal hyperplane that separates classes with maximum margin. Kernel functions such
as Radial Basis Function (RBF) will be explored to handle non-linearly separable data.

¢ Random Forest (RF): An ensemble method utilizing multiple decision trees to improve accuracy
and reduce overfitting. RF inherently performs feature selection and provides feature importance
scores.

e Extreme Gradient Boosting (XGBoost): A powerful gradient boosting framework that builds
additive decision trees sequentially, optimizing for classification accuracy and handling missing
data efficiently.
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e Light Gradient Boosting Machine (LightGBM): A gradient boosting technique optimized for
speed and memory efficiency, particularly suitable for large datasets.

o  Deep Neural Networks (DNN): Multi-layer perceptrons capable of modeling complex, non-linear
relationships in data. The architecture will be tuned for depth, neurons per layer, and activation
functions.

o Deep Reinforcement Learning (DRL): While computationally intensive, DRL offers dynamic
adaptation by learning optimal detection policies through environmental interactions.

4. Model Training and Validation

Training Procedure

e The datasets will be split into training, validation, and test sets using stratified sampling to
preserve class distributions.

e Hyperparameter tuning for each algorithm will be performed using grid search or randomized
search coupled with cross-validation (e.g., 5-fold CV) to identify the best model parameters.

e Early stopping criteria and regularization techniques will be used to prevent overfitting,
particularly for deep learning models.

Validation

e The validation set will guide model selection and hyperparameter optimization.

o K-fold cross-validation will ensure robustness by averaging performance across multiple train-
validation splits.

e  Confusion matrices will be analyzed to understand misclassification patterns.

5. Performance Metrics

To evaluate the models comprehensively, multiple metrics are considered, focusing on operational
relevance for cybersecurity analysts:

e Accuracy: Overall correctness of classification.

e Precision: Proportion of true positive detections among all positive predictions, indicating
reliability in alert generation.

e Recall (Detection Rate): Proportion of actual threats correctly detected, crucial for minimizing
missed intrusions.

e F1-Score: Harmonic mean of precision and recall, balancing false positives and false negatives.

o False Positive Rate (FPR): Rate of benign traffic incorrectly flagged as threats, important for
reducing analyst workload.

e Area Under the ROC Curve (AUC): Measures the trade-off between true positive and false
positive rates.

e Computational Efficiency: Training and prediction time, resource consumption, significant for

real-time deployment scenarios.
. Implementation Framework

»

The experiments will be implemented in Python using libraries such as scikit-learn for classical ML
algorithms, XGBoost and LightGBM packages for boosting methods, and TensorFlow or PyTorch for deep
learning and DRL models. The reproducibility of results will be ensured by:

e  Fixing random seeds,
e Documenting all preprocessing and training steps,
e Using standardized evaluation protocols.
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7. Comparative Analysis
The comparative evaluation will focus on:

o Detection Performance: Quantitative comparison of classification metrics across algorithms.
e Robustness: Assessment under different attack categories (e.g., DoS, Probe, R2L, U2R) to
identify algorithm strengths and weaknesses.
e Operational Suitability: Analysis of false positive rates and computational costs to gauge
practical usability for cybersecurity analysts.
e Interpretability: Consideration of how model explainability affects analyst trust and
decision-making.
Visual tools such as ROC curves, precision-recall plots, and confusion matrices will support
the analysis.
8. Integration with Cybersecurity Analyst Operations

Recognizing the role of human analysts in threat detection, the study proposes a workflow where ML
models act as decision support tools by:

e  Prioritizing alerts based on confidence scores,
e Providing feature importance or explanation for flagged events,
e Allowing analyst feedback to iteratively improve model accuracy (active learning).
This human-in-the-loop approach aims to enhance detection efficiency while minimizing
cognitive overload.
4. RESULTS AND DISCUSSION

The development and deployment of a vehicle speed control system using an RTC (Real-Time Clock)
module and ZigBee communication technology involve a series of critical steps that ensure the system operates
efficiently and reliably.

1. Experimental Setup and Dataset Overview

The comparative evaluation was conducted on the benchmark KDDCUP’99 and NSL-KDD datasets after
comprehensive preprocessing and feature engineering as described in the methodology. Both datasets contained
a balanced mix of normal traffic and multiple attack categories, including Denial of Service (DoS), Probe,
Remote to Local (R2L), and User to Root (U2R). The training and testing splits were stratified to preserve class
distribution. Hyperparameter tuning was performed for all algorithms via grid search and cross-validation to
ensure optimized model performance.

2. Performance Comparison

The performance of six machine learning algorithms—Support Vector Machines (SVM), Random Forest (RF),
XGBoost, LightGBM, Deep Neural Networks (DNN), and Deep Reinforcement Learning (DRL)—was
evaluated using standard metrics: accuracy, precision, recall, F1-score, false positive rate (FPR), and area under
the ROC curve (AUC).

Algorithm Accuracy (%) ||Precision (%)||Recall (%) ||F1-Score (%0) ||[FPR (%) ||AUC
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Algorithm Accuracy (%)||Precision (%0)||Recall (%) ||[F1-Score (%) ||FPR (%0)|/AUC
SVM 91.2 89.5 87.8 88.6 6.7 0.93
Random Forest||94.7 931 915 92.3 4.1 0.96
XGBoost 95.3 94.0 92.9 93.4 35 0.97
LightGBM 96.0 95.2 93.8 94.5 31 0.98
DNN 93.5 91.7 90.2 90.9 4.9 0.95
DRL 92.8 90.5 89.7 90.1 5.2 0.94

3. Analysis of Results
Accuracy and Detection Rates

Among the evaluated algorithms, LightGBM demonstrated the highest overall accuracy of 96.0%,
outperforming both classical models like SVM and ensemble methods like Random Forest. The gradient
boosting framework’s ability to efficiently handle large feature sets and capture complex feature interactions
likely contributed to this superior performance. XGBoost closely followed, with an accuracy of 95.3%,
reinforcing the advantage of boosting techniques in cybersecurity classification tasks.

Deep learning approaches, specifically the DNN, showed competitive results but slightly lagged behind
LightGBM and XGBoost. This may be attributed to the relatively modest size and structured nature of the
datasets, where tree-based models often excel. However, DNNs provide the benefit of learning hierarchical
feature representations, which might be more advantageous in real-world or raw traffic data with higher
complexity.

Support Vector Machines, traditionally strong classifiers in intrusion detection, showed solid performance but
were outperformed by ensemble and boosting methods. The kernel-based approach is effective for separating
classes in high-dimensional space, but it may require extensive parameter tuning and longer training times,
limiting scalability.

Deep Reinforcement Learning (DRL) showed promising detection capabilities but ranked lower in metrics
compared to supervised algorithms. This is likely due to the complexity of training DRL models and the static
nature of the datasets, which may not fully leverage DRL’s dynamic learning advantages.

Precision, Recall, and F1-Score

Precision and recall are crucial for cybersecurity applications where false alarms (false positives) and missed
threats (false negatives) have significant operational impacts. LightGBM’s balanced performance, with the
highest precision (95.2%) and recall (93.8%), indicates its effectiveness in reliably identifying true threats while
minimizing false alerts.
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Random Forest and XGBoost also showed strong precision and recall, suggesting their suitability for
environments where both detection accuracy and false alarm reduction are priorities. SVM and DNN models
exhibited slightly lower recall, indicating a higher likelihood of missed detections, which could hinder their
operational effectiveness in critical scenarios.

False Positive Rate (FPR)

The false positive rate directly affects the workload of cybersecurity analysts by generating unnecessary alerts.
LightGBM achieved the lowest FPR of 3.1%, suggesting it produces fewer false alarms and thus can reduce
analyst fatigue. XGBoost and Random Forest followed closely, while SVM and DRL had higher false positives,
potentially increasing the risk of alert fatigue.

Area Under the Curve (AUC)

The ROC-AUC values support the superior discriminatory power of LightGBM (0.98) and XGBoost (0.97),
indicating their models are highly effective across different classification thresholds. This robustness is
beneficial in real-world environments where threshold tuning is critical.

4. Computational Efficiency

Beyond accuracy, computational efficiency was evaluated by measuring training and prediction times.
LightGBM demonstrated faster training times than XGBoost and DNN, benefiting from its optimized
histogram-based algorithms and leaf-wise growth strategy. SVM showed longer training times, especially with
large feature sets. DRL’s training was computationally intensive due to iterative policy learning, potentially
limiting its practical deployment in time-sensitive scenarios.

Prediction latency is critical for real-time threat detection. LightGBM and Random Forest provided the lowest
inference times, making them suitable for integration into operational cybersecurity platforms.

5. Discussion on Practical Implications

The comparative results indicate that gradient boosting algorithms, particularly LightGBM, offer the best
combination of detection accuracy, low false positives, and computational efficiency. These attributes are
crucial for cybersecurity analyst operations, where timely and accurate alerts enable effective incident response.

The relatively lower false positive rates reduce alert fatigue, helping analysts focus on genuine threats.
Furthermore, feature importance scores from ensemble models aid interpretability, allowing analysts to
understand which traffic features influence decisions, enhancing trust in automated systems.

While deep learning methods have potential, especially in complex or unstructured data scenarios, their
performance here suggests they require larger or more diverse datasets to fully realize benefits. Similarly,
DRL’s adaptive learning capabilities, though promising, may be better suited for environments with streaming
data and continuous feedback.

5. CONCLUSION

This study presented a comprehensive comparative analysis of multiple machine learning algorithms—Support
Vector Machines, Random Forest, XGBoost, LightGBM, Deep Neural Networks, and Deep Reinforcement
Learning—for cybersecurity threat detection using the KDDCUP’99 and NSL-KDD datasets. The findings
reveal that gradient boosting algorithms, particularly LightGBM, offer superior performance across key metrics
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such as accuracy, precision, recall, F1-score, and false positive rate, making them highly effective for practical
deployment in cybersecurity analyst operations. LightGBM’s ability to balance high detection rates with low
false alarms can substantially reduce analyst workload and improve the efficiency of threat response. While
deep learning and reinforcement learning methods showed potential, their effectiveness was comparatively
limited by dataset characteristics and computational demands, highlighting the need for further exploration with
more complex or real-time data. The study emphasizes the importance of selecting machine learning models
that not only achieve high detection accuracy but also provide computational efficiency and interpretability to
support operational decision-making. Future research should address evolving cyber threats, adversarial
robustness, and integration of human analyst feedback to build adaptive and resilient intrusion detection
systems. Overall, this work offers valuable insights that can guide cybersecurity professionals and researchers in
choosing and developing effective machine learning-based threat detection frameworks to enhance network
security and protect critical infrastructure.
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