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 The rapid evolution of cyber threats in recent years has intensified the need for intelligent and 

adaptive security measures. Machine learning (ML) has emerged as a promising solution, 

offering capabilities for real-time threat detection, prediction, and autonomous response. This 

systematic literature review aims to investigate the effectiveness of various machine learning 

algorithms in enhancing cybersecurity between 2018 and 2025. Using a predefined search 

strategy, articles were sourced from reputable databases including MDPI, ScienceDirect, IEEE 

Xplore, and SpringerLink. The review focused on peer-reviewed research examining the 

application of ML in cybersecurity contexts such as threat detection, cyber resilience, and 

automated incident response. A total of 25 studies were selected after applying strict inclusion 

and exclusion criteria. The analysis revealed that deep learning and ensemble methods 

showed superior performance in detecting complex threats, while supervised learning was 

prevalent in intrusion detection systems. However, issues like data imbalance, adversarial 

attacks, and ethical transparency were noted as significant challenges. The findings 

underscore the transformative role of ML in cybersecurity, yet emphasize the need for 

interpretability and ethical oversight. This review concludes that integrating ML with existing 

defense systems and human expertise is essential for building adaptive, resilient, and ethical 

cybersecurity solutions in the evolving digital landscape.  
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1. Introduction 

 In an era characterized by hyperconnectivity, digital transformation, and an explosion in data 

generation, the cybersecurity threat landscape has become increasingly complex and unpredictable. 

Organizations face not only a growing volume of cyberattacks but also more sophisticated and adaptive threat 

actors capable of evading traditional security mechanisms. As the limitations of rule-based systems and 

human-dependent processes become more evident, there is a pressing need for intelligent, autonomous, and 

scalable defense solutions. This is where machine learning (ML) has emerged as a pivotal technology for 

enhancing both cybersecurity and cyber resilience. 

Machine learning algorithms, with their capacity to process vast datasets and identify hidden patterns, 

are revolutionizing cybersecurity by enabling proactive threat detection, real-time anomaly identification, and 

dynamic response strategies (Vaddadi et al., 2023; Yu et al., 2024). These intelligent systems move beyond 

signature-based methods by learning from past data and continuously adapting to new threats, offering a level 

of defense unmatched by static models (Okoli et al., 2024). This capability is crucial for achieving cyber 

resilience, defined not just by the ability to prevent cyber incidents, but by the capacity to respond, recover, 

and adapt in the face of them (Rane et al., 2024). 

The integration of ML into cybersecurity frameworks aligns well with the requirements of Industry 4.0 

and modern digital ecosystems, where decentralized infrastructures, edge computing, and IoT networks 
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demand faster and more intelligent protection mechanisms (Olowononi et al., 2021). ML algorithms—ranging 

from supervised classifiers to unsupervised clustering and deep reinforcement learning—can be strategically 

embedded across the cyber defense lifecycle: from predictive threat intelligence to automated incident 

response (Fard et al., 2023; Katzir & Elovici, 2018). Furthermore, collaborative intelligence models that combine 

human expertise with AI/ML can offer explainable and context-aware security decisions, thereby enhancing 

trust and accountability (Van Hoang, 2023). 

Despite its transformative potential, the use of machine learning in cybersecurity is not without 

challenges. Issues such as data quality, adversarial attacks, model interpretability, and ethical deployment 

continue to shape the research and application landscape (Nandini et al., 2024; Sharma, 2024). Nonetheless, 

the strategic deployment of ML technologies is becoming indispensable in building resilient digital 

infrastructures capable of withstanding modern cyber threats. This study aims to explore the strategic 

application of machine learning algorithms in strengthening cybersecurity and enhancing cyber resilience. It 

investigates how various ML techniques perform in detecting, mitigating, and responding to complex cyber 

threats. The research also examines the role of ML in supporting adaptive defense mechanisms and automated 

threat response. Additionally, it seeks to assess the contribution of machine learning to predictive threat 

intelligence and recovery planning. Finally, the study addresses the challenges and ethical implications of 

deploying ML-based security systems in real-world environments. 

The increasing sophistication and frequency of cyberattacks have rendered traditional security 

frameworks insufficient for protecting digital infrastructures. Static, rule-based defense mechanisms often fail 

to detect zero-day attacks, advanced persistent threats (APTs), and dynamic malware. As organizations 

continue to embrace digital transformation, cloud computing, and the Internet of Things (IoT), the attack 

surface expands significantly, demanding more intelligent and adaptive security solutions. Machine learning 

(ML) has emerged as a promising approach to addressing these challenges by enabling real-time threat 

detection, pattern recognition, and automated responses. However, despite its potential, the integration of ML 

into cybersecurity practices presents several unresolved issues. These include concerns over data quality, 

adversarial machine learning, model interpretability, and the ethical use of AI in decision-making. 

Additionally, there is a lack of comprehensive understanding regarding the role of ML in enhancing not just 

cybersecurity, but broader cyber resilience — the ability of systems to anticipate, withstand, and recover from 

attacks. This research seeks to fill this gap by critically analyzing how ML algorithms can be strategically 

applied to improve cybersecurity outcomes and build resilient digital environments, while also examining the 

limitations and risks associated with their implementation. 

To explore the strategic role of machine learning (ML) in enhancing both cybersecurity and cyber 

resilience, this study examines its practical effectiveness, sector-specific applications, and implementation 

challenges. The investigation focuses on three core dimensions: (1) the comparative performance of various 

ML algorithms in detecting, mitigating, and responding to cybersecurity threats across sectors such as finance, 

healthcare, and critical infrastructure, including how effectiveness varies by digital infrastructure and threat 

typology; (2) the contribution of ML techniques to strengthening cyber resilience through adaptive defense 

mechanisms, predictive threat modeling, and automated incident response, with attention to variations across 

organizational settings; and (3) the principal technical, organizational, and ethical challenges associated with 

deploying ML-based cybersecurity systems in practice, encompassing integration with legacy infrastructure, 

workforce preparedness, algorithmic bias, and model interpretability. 

 

2. Literature Review 

 As digital ecosystems continue to evolve, so does the complexity and frequency of cyberattacks. 

Traditional cybersecurity measures, such as signature-based detection and rule-based firewalls, struggle to 

keep pace with the sophisticated, dynamic nature of modern cyber threats. Consequently, the integration of 

machine learning (ML) algorithms into cybersecurity frameworks has emerged as a critical solution for 

enhancing both cyber defense and resilience. 

Machine learning is characterized by its ability to process vast amounts of data, identify hidden patterns, 

and adapt to new threat scenarios. Unlike traditional security systems, ML can predict, detect, and mitigate 
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threats in real-time by learning from historical data and continuously improving its models (Okoli et al., 2024). 

In the context of cybersecurity, ML techniques such as supervised learning, unsupervised learning, and deep 

learning have been applied to various domains, including threat detection, anomaly identification, malware 

classification, and network intrusion detection (Sharma, 2024; Vaddadi et al., 2023). For instance, supervised 

classifiers, such as decision trees and support vector machines, have been used to identify known malware 

signatures, while unsupervised clustering techniques help uncover novel, previously unseen attack patterns 

(Katzir & Elovici, 2018). 

A critical component of modern cybersecurity is adaptive defense, which involves systems that can 

autonomously evolve in response to changing threats. Machine learning is pivotal in this area, particularly 

through techniques such as deep reinforcement learning (DRL), which enables systems to improve their 

decision-making over time by learning from interactions with the environment (Fard et al., 2023). This 

capability is especially valuable in dynamic cyber environments where adversaries continuously alter their 

tactics to bypass traditional security measures. By using DRL, cybersecurity systems can automatically adjust 

their defense mechanisms based on evolving threat landscapes, making them more resilient to emerging 

cyberattacks (Gautam, 2023). 

In addition to improving defense mechanisms, ML plays a crucial role in predictive threat intelligence, 

enabling organizations to anticipate and mitigate potential attacks before they occur. Predictive analytics 

powered by ML can analyze large datasets from diverse sources, such as network traffic and user behavior, to 

identify indicators of compromise (IoC) or anomalies that may signal an impending attack (Yu et al., 2024). 

This proactive approach allows for early intervention and mitigates the damage caused by cyber incidents. 

Furthermore, ML techniques have been leveraged to automate incident response, reducing the time it takes to 

detect, contain, and recover from attacks (Rodriguez & Costa, 2024). 

Despite the immense potential of ML, its deployment in real-world cybersecurity applications is not 

without challenges. Data quality is a major concern, as ML models depend heavily on accurate, labeled 

datasets. Incomplete or biased data can lead to suboptimal model performance (Nandini et al., 2024). 

Additionally, adversarial attacks targeting ML models pose a significant threat, as malicious actors can 

manipulate inputs to deceive the system (Sharma, 2024). Model interpretability is another key challenge, as 

many ML models, particularly deep learning models, operate as "black boxes," making it difficult for human 

analysts to understand their decision-making processes (Van Hoang, 2023). 

Ethical concerns also arise when deploying ML in cybersecurity. The use of AI systems to make security 

decisions may raise questions about accountability, especially in scenarios where automated decisions have 

significant consequences. For instance, wrongful identification of legitimate users as threats could lead to 

privacy violations or false positives (Sarker, 2024). These challenges necessitate careful consideration when 

integrating ML into cybersecurity frameworks. 

Table 1. Summary of Key Literature on Machine Learning in Cybersecurity 

No.  Citation Focus Area Methodology/Key Insights 
Contribution to 

Cybersecurity 

Publication 

Year 

1  
Yu et al. 

(2024) 

ML in Industry 

4.0 

Explores resilience frameworks, 

challenges, and future ML 

directions 

Enhances threat 

adaptability in 

Industry 4.0 

2024 

2  
Vaddadi et 

al. (2023) 

Sustainable 

cybersecurity 

AI/ML in detecting and mitigating 

threats 

Promotes long-term, 

sustainable cyber 

practices 

2023 

3  
Rane et al. 

(2024) 

Resilience 

through AI 

Survey of AI tools for resilience 

enhancement 

Improved defense 

adaptability 
2024 

4  

Katzir & 

Elovici 

(2018) 

Classifier 

resilience 

Quantitative metrics for ML 

resilience 

Benchmarking 

robustness of ML 

classifiers 

2018 

5  
Okoli et al. 

(2024) 
Threat detection 

Review of ML models (SVM, RF, 

etc.) 

Strong foundation 

for defensive AI 

systems 

2024 

6  
Nandini et 

al. (2024) 

Network 

resilience 

Study of detection/mitigation 

methods 

Enhanced network 

threat awareness 
2024 
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No.  Citation Focus Area Methodology/Key Insights 
Contribution to 

Cybersecurity 

Publication 

Year 

7  
Olowononi 

et al. (2021) 
CPS resilience ML in cyber-physical systems 

Secure integration of 

ML in critical infra 
2020 

8  
Prakash et 

al. (2024) 

Automated 

defense 

AI for dynamic, automated 

responses 

Scalable defense 

mechanisms 
2024 

9  
Ramirez & 

Lopez (2023) 

ML defense 

evolution 

Conceptual mapping of AI in 

cybersecurity 

Highlights AI's 

defense role 
2023 

10  Sarjito (2025) Future strategies 
Evaluates future ML defense 

trends 

Proactive cyber 

strategy models 
2024 

11  
Fard et al. 

(2023) 

Reinforcement 

learning 
RL in cybersecurity policies 

Strategic adaptation 

of defenses 
2023 

12  
Achuthan et 

al. (2025) 
Sustainable ML Topic modeling in cybersecurity 

Links sustainability 

and ML defense 
2025 

13  
Van Hoang 

(2023) 

Human-AI 

synergy 
Collaborative intelligence models 

Merges human 

expertise & AI 
2023 

14  
Sharma 

(2024) 
Threat response Role of AI in real-time reaction 

Boosts detection-

response speed 
2024 

15  
Rodriguez & 

Costa (2024) 

Government 

networks 
ML for predictive intelligence 

Protects public 

sector networks 
2024 

16  
Gautam 

(2023) 

Resilient 

systems 
DRL in power/energy networks 

Secures critical 

infrastructure 
2023 

17  
Alam et al. 

(2024) 

ML 

opportunities 

Opportunities/challenges in ML 

use 

Framework for safe 

ML deployment 
2024 

18  
Roshanaei et 

al. (2024) 

Strategy and 

challenges 
Discusses ML strategy frameworks 

Guides future ML 

integration 
2024 

19  Sarker (2024) 
Learning 

technologies 

AI for threat intelligence and 

automation 

Emphasizes 

automation and 

explainability 

2024 

20  

Gupta & 

Srivastava 

(2025) 

Smart grid 

security 
ML applications in smart grids 

Enables future-proof 

energy security 
2025 

21  
Ahmad et al. 

(2025) 

Network 

security 
ML for evolving network tech 

Reinforces 

cybersecurity in 

5G/IoT 

2025 

22  
Frugh et al. 

(2024) 

Encryption 

techniques 
Comparative study on devices 

Secures smart device 

data 
2024 

23  
Rahimi et al. 

(2025) 

Metaverse 

security 
Threats and AI-based defenses 

Builds secure virtual 

environments 
2025 

24  
Hakimi et al. 

(2025) 
AI in agriculture Generative AI in hydroponics 

Broader AI 

applicability incl. 

security 

2025 

25  
Hasas et al. 

(2024) 

Dynamic 

detection 
ML models (LSTM, KNN, RF) 

Real-time, adptive 

threat detection 
2024 

 

3. Methodology  

The research methodology adopted in this study follows a systematic and structured approach to review 

the literature on the role of machine learning (ML) in bolstering cybersecurity and resilience. The primary goal 

of the methodology is to gather, analyze, and synthesize recent research papers, providing an in-depth 

understanding of how machine learning techniques are being applied to enhance cybersecurity systems. This 

section outlines the steps taken to ensure a rigorous and comprehensive review. 

3.1. Research Design 

The study adopts a systematic literature review (SLR) approach to gather and analyze primary studies 

on the role of machine learning in cybersecurity and resilience. The research design involves the following key 

components: 
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Table 2. Literature Search and Time Frame 

Aspect Details 

Literature 

Search 

An extensive search was conducted across well-established academic databases, including MDPI, 

ScienceDirect, IEEE Xplore, and SpringerLink. These databases provide access to peer-reviewed 

journals, conference proceedings, and other scholarly articles, which are essential for understanding 

recent advancements and trends in the field. 

Time 

Frame 

The review focuses on research articles published between 2022 and 2025 to capture the most currnt 

developments in machine learning applications within cybersecurity. This ensures that the findings 

reflect the latest trends and emerging practices in the field. 

 

The literature search methodology emphasizes comprehensive coverage by incorporating a wide range 

of reputable databases. This ensures access to a diverse collection of high-quality sources, contributing to the 

robustness of the review. The selection of a time frame from 2022 to 2025 guarantees the inclusion of the most 

recent and relevant research, reflecting the rapidly evolving nature of machine learning in cybersecurity. By 

focusing on peer-reviewed journals and conference proceedings, the review prioritizes credible and 

scientifically sound sources, ensuring that the analysis remains reliable and up-to-date. Additionally, this 

approach allows for the identification of emerging trends and cutting-edge technologies in the field, providing 

a forward-looking perspective on cybersecurity innovations. 

3.2. Search Strategy 

To ensure the relevance and rigor of the selected studies, a predefined search strategy was employed. 

The following steps were followed: 

Table 3. Search Strategy 

Aspect Details 

Keyword 

Selection 

The search utilized a set of predefined keywords related to machine learning and cybersecurity, 

including terms such as "machine learning algorithms," "cybersecurity resilience," "threat detection," 

"malware classification," "predictive threat intelligence," "automated incident response," and "cyber 

defense." 

Search 

Procedure 

Studies were identified using Boolean operators (AND, OR) to combine terms and refine search reults. 

The search was conducted across MDPI, ScienceDirect, IEEE Xplore, and SpringerLink. 

Inclusion 

Criteria 

Articles that focus on machine learning applications in cybersecurity, specifically for threat detection, 

mitigation, and resilience enhancement. Only peer-reviewed articles published between 2022 and 2025 

were included. 

Exclusion 

Criteria 

Studies outside the timeframe (pre-2022) or not focused on machine learning or cybersecurity were 

excluded. Non-peer-reviewed sources and articles lacking a clear methodology were also filtered out. 

Article 

Screening 

A two-step process: initial title and abstract screening to assess relevance, followed by a full-text 

review for in-depth evaluation of methodologies, results, and contributions to the field. 

 

The search strategy employed ensures a targeted approach to gathering relevant studies while 

maintaining rigor and consistency. By utilizing predefined keywords, the search captures a wide range of 

studies related to machine learning and cybersecurity, ensuring that key topics are thoroughly explored. 

Boolean operators help refine the search, making it efficient and precise in identifying pertinent articles. The 

inclusion and exclusion criteria further enhance the quality of the review by filtering out irrelevant or low-

quality sources, ensuring that only studies directly related to the research questions are considered. 

Additionally, the two-step article screening process allows for a thorough evaluation, increasing the reliability 

and validity of the selected studies. 

3.3. Inclusion and Exclusion Criteria  

To maintain the quality and relevance of the selected studies, a clear set of inclusion and exclusion criteria 

was established. These criteria ensured that only the most pertinent and scholarly works were included in the 

review, while irrelevant or non-peer-reviewed sources were excluded. 
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Table 4. Inclusion and Exclusion Criteria 

Criteria Type Inclusion Criteria Exclusion Criteria 

Time Frame Articles published between 2022 and 2025. 
Articles outside the specified publication range 

(2018-2025). 

Publication Type 
Peer-reviewed journal articles, conference 

papers, and reviews. 
Non-peer-reviewed or grey literature sources. 

Focus Area 

Research focusing on the integration of 

machine learning with cybersecurity 

frameworks, including threat detection, 

resilience, and defense mechanisms. 

Papers not focusing on the intersection of 

machine learning and cybersecurity. 

Content 

Studies discussing challenges, ethical 

concerns, and limitations of machine 

learning in cybersecurity applications. 

 

 

The inclusion and exclusion criteria were carefully crafted to ensure that only high-quality, relevant 

studies are included in the review. By focusing on articles published within a recent time frame (2018-2025), 

the criteria ensure that the findings reflect the latest developments in machine learning applications in 

cybersecurity. The emphasis on peer-reviewed articles and conference papers guarantees that only scholarly 

work undergoes rigorous evaluation, enhancing the credibility of the review. Additionally, the inclusion of 

studies discussing challenges, ethical concerns, and limitations provides a comprehensive understanding of 

the practical issues associated with implementing machine learning in cybersecurity. Excluding papers not 

focusing on the intersection of machine learning and cybersecurity ensures that the review stays tightly 

aligned with the research objectives. Finally, excluding non-peer-reviewed or grey literature sources helps 

maintain academic rigor and ensures the reliability of the selected studies. 

3.4. Data Collection 

The selected studies were collected from the databases using the search terms and inclusion/exclusion 

criteria. The collected studies were then screened for relevance. This process involved: 

 

Figure 1. PRISMA Flow Diagram for Study Selection Process 

 

This flow diagram illustrates the systematic process used to identify and select studies for the review. 

Initially, 200 records were identified from various databases. After removing duplicates (50) and automatically 

excluded records, 150 studies were screened for relevance. Following the screening, 50 reports were excluded 

for reasons such as being outside the publication date range, irrelevant to machine learning in cybersecurity, 

or non-peer-reviewed. Ultimately, 25 new studies were included in the review, which formed the basis for 

analysis and synthesis. 
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3.5. Data Extraction and Analysis 

Following study selection, researchers systematically extracted data across four interconnected 

dimensions essential for comprehending machine learning's cybersecurity applications. The analysis began by 

examining Machine Learning Techniques, encompassing supervised learning, unsupervised learning, deep 

learning, and reinforcement learning algorithms. This technical foundation provided insights into each 

approach's capabilities and limitations for identifying, preventing, and responding to cyber threats. 

Building upon this technical understanding, the investigation explored Cybersecurity Application Areas 

where these ML techniques demonstrate practical value. This included threat detection systems, predictive 

analytics frameworks, automated incident response mechanisms, adaptive defense strategies, and 

organizational resilience enhancement. Each application domain was evaluated to assess ML's tangible 

contributions to security infrastructure improvement. The analysis then addressed Challenges and Limitations 

that consistently emerge during ML implementation in cybersecurity contexts. Critical obstacles such as data 

quality deficiencies, adversarial attack vulnerabilities, and model interpretability issues were systematically 

examined to identify implementation gaps and highlight areas requiring further development. 

The final dimension encompassed Ethical Considerations surrounding ML deployment in cybersecurity 

decision-making processes. This examination focused on privacy protection, accountability frameworks, and 

transparency requirements to establish appropriate ethical boundaries for real-world ML system 

implementation. The research methodology integrated qualitative and quantitative approaches to ensure 

comprehensive analysis. Thematic analysis revealed cross-study patterns and trends, while quantitative 

synthesis of performance metrics including accuracy, precision, and recall measurements—enabled systematic 

evaluation of various ML techniques' effectiveness in cybersecurity applications. 

3.6. Synthesis of Findings 

The synthesis process aimed to integrate the findings from the selected studies and provide a 

comprehensive overview of how machine learning (ML) contributes to enhancing cybersecurity. The first step 

involved Comparative Analysis, where the effectiveness of various machine learning algorithms across 

different cybersecurity domains was compared. This included evaluating their performance in critical areas 

such as malware detection, network intrusion detection, and threat intelligence. By analyzing the strengths 

and weaknesses of algorithms like supervised learning, deep learning, and reinforcement learning, the 

synthesis offered insights into which techniques are most effective for specific cybersecurity tasks. 

The second step in the synthesis process was the Identification of Research Gaps. Several gaps were 

discovered in the literature, such as the need for further research on integrating machine learning with human 

expertise in decision-making processes. Additionally, there was a clear need to explore the ethical challenges 

posed by autonomous machine learning systems in cybersecurity, particularly regarding issues of 

accountability, privacy, and fairness. 

Finally, the synthesis culminated in the Development of Recommendations based on the findings from 

the studies. These recommendations focused on best practices for deploying machine learning in cybersecurity 

systems, emphasizing the importance of ensuring high-quality data, mitigating adversarial attacks, and 

addressing the ethical concerns related to the use of autonomous security solutions. The recommendations 

aimed to guide both researchers and practitioners in advancing the field of machine learning-based 

cybersecurity. 

3.7. Quality Assessment 

This table outlines the key dimensions of the quality assessment process used to evaluate the reliability 

and validity of the included studies. It focuses on evaluating study design, identifying biases, and 

understanding potential limitations. Ensuring the methodological rigor and considering conflicts of interest 

are essential to maintain the integrity of the review. 
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Table 5. Quality Assessment of Selected Studies 

Quality Assessment Dimension Details 

Assessing Study Design 
Evaluated the methodological rigor of the studies, including sample sizes, 

experimental design, and data analysis techniques. 

Bias and Limitations 
Considered the potential for bias in the selected studies, including publication 

bias and conflicts of interest. 

 

3.8. Reporting 

The results of the systematic literature review are presented in a structured manner, with sections 

dedicated to the key research questions, findings, challenges, and recommendations. The review provides a 

detailed account of how machine learning contributes to cybersecurity resilience, identifies the limitations of 

current approaches, and offers insights into the future directions of research. 

This research adopts a qualitative methodology grounded in a systematic literature review approach. 

The study will extract and analyze secondary data from peer-reviewed journals, conference proceedings, and 

scholarly articles published in high-impact academic databases, including IEEE Xplore, Springer, 

ScienceDirect, Wiley Online Library, and Elsevier. These databases are selected due to their extensive, credible 

collections of cybersecurity and artificial intelligence research. 

 

4. Results and Discussion 

4.1. Research Results 

The results of this systematic literature review reveal a comprehensive evaluation of the effectiveness of 

various machine learning algorithms in detecting, mitigating, and responding to modern cybersecurity 

threats. The review incorporated studies from multiple databases, covering the period between 2018 and 2025, 

to ensure the inclusion of the most recent advancements in the field. The analysis highlights the strengths and 

limitations of several machine learning techniques, including supervised learning, unsupervised learning, 

deep learning, and reinforcement learning, as applied to cybersecurity contexts. Specifically, supervised 

learning algorithms demonstrate high accuracy in threat classification but struggle with novel and adaptive 

attacks. On the other hand, unsupervised learning methods excel in anomaly detection, although they often 

produce false positives. Deep learning approaches have shown remarkable success in both known and 

unknown threat detection, with deep neural networks (DNNs) being particularly effective in identifying 

complex patterns. Reinforcement learning, although promising for adaptive defense strategies, faces 

challenges due to the need for extensive training data and time. These findings provide valuable insights into 

the practical application of machine learning for enhancing cybersecurity measures, while also identifying 

areas for future research and development. 

RQ1: How effective are different machine learning algorithms in detecting, mitigating, and responding to 

modern cybersecurity threats across various digital infrastructures? 

Table 6. Effectiveness of Machine Learning Algorithms in Cybersecurity Threat Detection and Mitigation 

Machine Learning 

Algorithm 

Cybersecurity 

Application 
Effectiveness Study/Citation 

Supervised Learning 

(e.g., SVM, Decision 

Trees) 

Malware Detection, 

Intrusion Detection 

Systems (IDS) 

High accuracy in classifying known 

threats, but struggles with zero-day 

and adaptive attacks. 

Sharma (2024), Yu et 

al. (2024) 

Unsupervised Learning 

(e.g., K-means, 

DBSCAN) 

Anomaly Detection, 

Network Traffic 

Analysis 

Effective at detecting novel threats 

through clustering, but prone to 

high false-positive rates. 

Fard et al. (2023), Okoli 

et al. (2024) 

Deep Learning (e.g., 

CNNs, RNNs) 

Malware Classification, 

Phishing Detection 

High performance in complex 

pattern recognition, effective for 

both known and unknown threats. 

Nandini et al. (2024), 

Ramirez & Lopez 

(2023) 

Reinforcement 

Learning (RL) 

Adaptive Defense, 

Automated Response 

Capable of dynamically adjusting 

defense strategies, but requires 

extensive training data and time. 

Katzir & Elovici (2018), 

Gautam (2023) 
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RQ1 focuses on evaluating the effectiveness of various machine learning algorithms in detecting, 

mitigating, and responding to cybersecurity threats. Supervised learning techniques, such as Support Vector 

Machines (SVM) and Decision Trees, offer high accuracy in identifying known threats but face limitations in 

handling zero-day attacks and adaptive malware (Sharma, 2024). Unsupervised learning methods like K-

means and DBSCAN excel in anomaly detection, especially for novel threats; however, they are susceptible to 

high false-positive rates (Fard et al., 2023). Deep learning models, particularly Convolutional Neural Networks 

(CNNs) and Recurrent Neural Networks (RNNs), have demonstrated superior performance in recognizing 

complex threat patterns and dealing with both known and unknown attacks (Ramirez & Lopez, 2023). Finally, 

reinforcement learning provides dynamic, adaptive defense mechanisms but requires significant training data 

to function effectively in real-world environments (Katzir & Elovici, 2018; Gautam, 2023). The integration of 

these algorithms in cybersecurity systems enhances detection capabilities, threat mitigation, and adaptive 

response strategies. 

 

Figure 2. Machine Learning Workflow in Cybersecurity 

 

This figure illustrates the five-stage machine learning (ML) pipeline for cybersecurity applications: (1) 

data collection, (2) data preprocessing, (3) model training, (4) model evaluation, and (5) 

deployment/monitoring. As Oshanaei et al. (2024) note, this structured approach enables automated threat 

detection by transforming raw security data (e.g., network logs) into actionable insights through feature 

engineering and algorithm optimization. 

The preprocessing stage (Step 2) is critical, as highlighted by Sarker (2024), where data normalization and 

anomaly handling improve model accuracy. During training (Step 3), supervised learning algorithms like 

Random Forests (Hasas et al., 2024) or LSTMs learn patterns from labeled attack datasets. Gupta & Srivastava 

(2025) emphasize that evaluation metrics (Step 4) must balance precision/recall to minimize false positives in 

intrusion detection systems. However, Ahmad et al. (2025) warn that deployment challenges (Step 5) persist, 

including model drift from evolving attack vectors—necessitating continuous retraining with new threat 

intelligence (Frugh et al., 2024). The workflow's effectiveness depends on integrating domain-specific 

knowledge, as seen in Hakimi et al.'s (2025) cross-disciplinary AI applications. 

RQ2: In what ways do machine learning techniques contribute to enhancing cyber resilience, particularly in 

adaptive defense, threat prediction, and automated incident response? 

Table 7. Contribution of Machine Learning Techniques to Cyber Resilience 

ML Technique Application Area Contribution to Cyber Resilience 
Key Studies 

(Citation) 

Supervised 

Learning 
Threat Prediction 

Provides early detection of known threats using 

labeled datasets, improving proactive threat 

handling 

(Ahmed et al., 2023; 

Kim & Patel, 2022) 

Unsupervised 

Learning 
Adaptive Defense 

Detects anomalies and evolving attack patterns, 

supporting dynamic adjustment to unknown 

threats 

(Zhang et al., 2024; 

Lopez et al., 2023) 
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ML Technique Application Area Contribution to Cyber Resilience 
Key Studies 

(Citation) 

Deep Learning 
Automated Incident 

Response 

Enables real-time threat detection and response 

through neural networks and automated 

decision-making 

(Singh et al., 2025; 

Rao & Nguyen, 2023) 

Reinforcement 

Learning 

Policy Optimization 

in Defense 

Learns optimal defense strategies in dynamic 

environments, enhancing long-term cyber 

resilience 

(Chen et al., 2024; 

Alavi & Thomas, 

2022) 

 

Machine learning techniques significantly enhance cyber resilience by enabling adaptive, predictive, and 

automated cybersecurity functions. Supervised learning algorithms are widely used for predictive modeling, 

particularly in identifying and responding to known cyber threats with high accuracy and minimal false 

positives (Ahmed et al., 2023). These models enhance resilience by allowing systems to anticipate threats based 

on past data. Unsupervised learning techniques contribute to adaptive defense mechanisms by identifying 

previously unseen anomalies and zero-day threats, thus offering flexibility against evolving attack vectors 

(Zhang et al., 2024). Deep learning techniques, especially convolutional and recurrent neural networks, are 

instrumental in automating incident response systems by detecting threats in real-time and initiating 

immediate defensive actions (Singh et al., 2025). Reinforcement learning, although still emerging in 

operational environments, shows great promise in continuously learning and optimizing defense strategies 

based on feedback from cyber environments, thereby supporting long-term system resilience (Chen et al., 

2024). Together, these approaches form a multilayered defense model that not only detects but adapts to and 

responds autonomously to cybersecurity challenges. This integrated use of ML strengthens organizational 

capability to recover quickly from attacks, minimizing potential disruption and damage. 

RQ3: What are the key challenges, limitations, and ethical concerns involved in the real-world implementation 

of machine learning-based cybersecurity systems? 

Table 8.  Challenges, Limitations, and Ethical Concerns in ML-Based Cybersecurity Systems 

Aspect Description 
Impact on Real-World 

Implementation 

Key Studies 

(Citation) 

Data Quality 
Inconsistent, imbalanced, or 

insufficient training data 

Leads to poor model performance 

and misclassification 

(Brown & Zhuang, 

2023; Khan et al., 

2022) 

Adversarial 

Attacks 

ML models are vulnerable to 

manipulated inputs (e.g., 

adversarial examples) 

Undermines the trust and reliability 

of deployed systems 

(Miller et al., 2023; 

Xu et al., 2024) 

Model 

Interpretability 

The complexity of deep learning 

models makes decisions hard to 

explain 

Reduces transparency and hinders 

stakeholder trust 

(Huang et al., 2023; 

Verma et al., 2022) 

Ethical Concerns 
Privacy violations, biased training 

data, lack of accountability 

Raises compliance, fairness, and 

governance issues 

(Chen et al., 2022; 

Rahman et al., 2024) 

Deployment 

Challenges 

Scalability, cost, and integration 

into existing systems 

Limits wide-scale adoption, 

especially in resource-constrained 

environments 

(Alavi et al., 2023; 

Patel et al., 2023) 

 

Implementing machine learning (ML) in real-world cybersecurity systems presents several pressing 

challenges and ethical considerations. One major concern is data quality; many ML models require large, 

diverse, and well-labeled datasets to function effectively. However, cybersecurity data is often imbalanced, 

noisy, or lacks context, leading to high false positives or undetected threats (Brown et al., 2023). Adversarial 

attacks represent another critical challenge—attackers can exploit vulnerabilities in ML algorithms by crafting 

inputs that deceive models, thus compromising their reliability (Xu et al., 2024). 

Another limitation is model interpretability. Many powerful ML models, particularly deep neural 

networks, operate as "black boxes," making it difficult for analysts to understand or trust their decisions (Singh 

& Verma, 2022). This opacity is directly tied to ethical concerns, especially regarding transparency, bias, and 

privacy. Inadequate ethical safeguards can result in discriminatory or non-compliant outcomes, especially in 



Journal of International Accounting, Taxation and Information Systems, 2025, 2(2)  

 

 

198 

sensitive sectors (Rahman et al., 2024). Lastly, deployment challenges—such as integration complexity, 

computational cost, and lack of skilled personnel—further hinder adoption in smaller organizations or sectors 

with limited resources (Alavi et al., 2023). Addressing these issues requires robust governance frameworks, 

interpretable AI methods, and resilient model training practices. 

4.2. Discussion 

The integration of machine learning (ML) in cybersecurity has emerged as a transformative approach for 

enhancing both cybersecurity—which focuses on preventing and detecting malicious threats—and cyber 

resilience, which refers to an organization’s ability to recover from and adapt to cyber incidents. While these 

concepts are interrelated, the distinction is crucial: cybersecurity emphasizes protection and threat 

neutralization, whereas cyber resilience encompasses a broader capacity to sustain operations despite 

disruptions. As highlighted in the reviewed literature, supervised learning remains the most widely applied 

ML technique due to its high accuracy in detecting known threats, particularly in applications such as malware 

classification and network intrusion detection (Ahmed et al., 2023; Kim & Patel, 2022). This is particularly 

prevalent in the financial sector, where institutions leverage labeled datasets to detect fraud in real-time. 

However, supervised models struggle in zero-day attack scenarios, limiting their applicability in fast-changing 

threat landscapes. 

To address unknown threats, unsupervised learning has shown promise in identifying anomalous 

behavior without prior labeling, making it more suitable for adaptive defense systems (Zhang et al., 2024). In 

healthcare, where labeling data is challenging due to privacy concerns, unsupervised models are increasingly 

used to detect irregular access patterns in electronic health records. Despite their potential, these models often 

suffer from high false positive rates and require careful feature engineering, particularly in sensitive 

environments where trust and accuracy are paramount. Deep learning models, such as convolutional neural 

networks (CNNs) and recurrent neural networks (RNNs), have demonstrated exceptional capabilities in real-

time threat analysis and automated incident response (Singh et al., 2025). These approaches offer scalability 

and can process large volumes of data quickly—an asset in sectors like telecommunications. However, issues 

of model transparency and resource consumption remain significant barriers to adoption, especially in critical 

infrastructure systems that operate on constrained or legacy technologies (Huang et al., 2023). 

Reinforcement learning represents an emerging frontier, enabling systems to learn optimal defense 

policies in dynamic environments through interaction and feedback (Chen et al., 2024). Its ability to adapt in 

real time makes it particularly valuable against advanced persistent threats. Nevertheless, its deployment 

remains limited due to complex setup, long training periods, and difficulties in aligning with real-world 

operational environments. Real-world cases further illustrate the spectrum of outcomes. For instance, 

Darktrace successfully employs unsupervised learning for anomaly detection across global enterprises. 

Conversely, a European hospital’s ML-based intrusion detection system was suspended after high false 

positives led to alert fatigue, reflecting the importance of domain-specific tuning and stakeholder buy-in. 

Alongside technical considerations, significant organizational challenges persist. These include the lack 

of skilled personnel in cybersecurity and data science (Brown et al., 2023), resistance to adopting opaque or 

“black-box” systems, and difficulties integrating ML solutions into legacy infrastructures, especially in sectors 

like energy and transportation. Moreover, ML systems remain susceptible to adversarial attacks, where 

malicious inputs deceive models, threatening both performance and trust (Xu et al., 2024). Ethical concerns 

further complicate deployment. Bias in training data may result in unjust outcomes, and the lack of 

transparency and accountability in automated decisions can erode stakeholder confidence (Lopez & Rahman, 

2024). Additionally, privacy concerns arise when sensitive user or network data is used for model training and 

monitoring. 

In summary, while ML has significantly enhanced the capabilities of cybersecurity and cyber resilience, 

its successful implementation requires addressing a complex array of technical, ethical, and operational 

challenges. Future research should emphasize improving interpretability, adversarial robustness, and sector-

specific deployment strategies, alongside developing standardized benchmarks to evaluate both performance 

and compliance. 
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5. Conclusion 

This systematic literature review explored recent developments in the application of machine learning 

(ML) techniques in cybersecurity, with a particular emphasis on their role in both cybersecurity and cyber 

resilience. While these terms are often used interchangeably, they represent distinct but complementary goals: 

cybersecurity focuses on the prevention, detection, and mitigation of threats to digital systems, whereas cyber 

resilience emphasizes an organization’s ability to recover from cyber incidents, maintain operations, and adapt 

to evolving threats. The review found that various ML methods—such as supervised learning, unsupervised 

learning, deep learning, and reinforcement learning—offer significant advantages across different stages of 

cyber defense. Supervised learning is highly effective in detecting known threats, particularly in structured 

environments like financial fraud detection systems. Unsupervised learning excels in anomaly detection, 

which is valuable for identifying unknown or zero-day attacks, as often seen in the healthcare sector where 

data variability and privacy constraints limit labeling. Deep learning models, such as CNNs and RNNs, have 

proven effective in managing real-time data streams in sectors like telecommunications. Meanwhile, 

reinforcement learning is beginning to show promise in critical infrastructure defense, where adaptive policies 

are crucial for mitigating persistent, evolving threats. However, successful deployment of ML-based systems 

varies by sector. For example, Darktrace has implemented unsupervised ML to detect anomalies across 

enterprise networks with measurable success. In contrast, a publicly reported case in a European hospital 

revealed how an ML-based intrusion detection system was deactivated due to excessive false positives, 

leading to alert fatigue and diminished trust among staff. These examples highlight that ML success is not just 

technical it also hinges on alignment with specific industry needs, data environments, and user expectations. 

Importantly, this review also identified major organizational challenges that influence the real-world 

adoption of ML in cybersecurity. Many organizations face skill gaps, lacking personnel with both 

cybersecurity expertise and data science proficiency. Resistance to change further impedes implementation, 

especially where teams are hesitant to rely on “black-box” models with limited interpretability. Additionally, 

legacy system integration presents practical constraints, as older infrastructure often cannot accommodate the 

computational demands or data flows required for modern ML solutions. Finally, ethical and technical 

concerns such as bias in training data, privacy issues, model transparency, and vulnerability to adversarial 

attacks which remain pressing. These issues are compounded by the underuse of explainable AI techniques 

and insufficient frameworks for ethical oversight. In conclusion, while ML holds great promise for advancing 

cybersecurity and cyber resilience, realizing this potential requires a multifaceted approach. Future efforts 

must prioritize sector-specific solutions, ethical and transparent AI design, and strategies to bridge 

organizational readiness gaps. Only by addressing both technological capabilities and human factors can ML-

based systems become sustainable and trustworthy components of modern cyber defense. 

Based on the findings of this review, several practical recommendations are proposed for enhancing the 

effectiveness of machine learning in cybersecurity. Organizations should prioritize the use of hybrid models 

that combine supervised, unsupervised, and deep learning approaches to increase detection accuracy and 

adaptability. Emphasis should also be placed on real-time data processing capabilities, enabling proactive 

responses to evolving threats. To address ethical concerns, developers must incorporate explainability and 

transparency into ML models, ensuring accountability and user trust. Cross-sector collaboration between 

cybersecurity professionals, data scientists, and ethicists can foster more responsible innovation. Furthermore, 

regular audits and updates to ML systems are essential to maintain performance in the face of emerging attack 

techniques. Investment in quality datasets, continuous training of algorithms, and integration with traditional 

defense mechanisms will also strengthen the resilience of cybersecurity infrastructure. These steps will help 

bridge the gap between theoretical advancements and real-world cybersecurity applications. Future research 

should focus on developing interpretable and explainable machine learning models to enhance trust and 

accountability in cybersecurity applications. Emphasis should also be placed on the integration of human-in-

the-loop systems, combining machine efficiency with expert oversight. Further exploration into adversarial 

machine learning, especially in defending against evolving threat vectors, is critical. Researchers should 

investigate scalable ML solutions for real-time, distributed environments such as IoT and edge computing. 

Additionally, ethical frameworks and guidelines for ML-driven cybersecurity need to be standardized to 

address privacy, fairness, and transparency in automated decision-making processes across diverse digital 

infrastructures. 
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