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Abstract 8 

The increasing sophistication of cyber threats poses significant challenges to traditional security models, which often 9 
lack the adaptability required to mitigate evolving risks. The research explored the transformative potential of 10 
artificial intelligence (AI) in enhancing software security and identified critical limitations in traditional and current 11 
AI-based approaches, including scalability, real-time adaptability, and explainability. Through a hybrid framework 12 
combining traditional rule-based methods with AI-driven models, this study employs supervised and unsupervised 13 
machine learning algorithms to improve anomaly detection, zero-day vulnerability identification, and threat 14 
response. Using Cross-Industry Standard Process for Data Mining (CRISP-DM) framework and the methodology 15 
integrates diverse datasets and test the model in dynamic software environments. Key results demonstrate significant 16 
improvement in threat detection accuracy and response efficiency compared to existing models. The combination of 17 
rule-based filtering and advanced ML algorithms resulted in a 30% increase in the detection of known threats, and 18 
the unsupervised models successfully identified several anomalies that were later confirmed as zero-day 19 
vulnerabilities, thereby demonstrating the framework’s adaptability. The automated threat response mechanisms 20 
reduced the average incident response time by 40%, thereby improving the overall system resilience. Furthermore, 21 
the findings underscore the potential of AI to realize proactive and scalable security solutions, thereby addressing 22 
gaps in traditional systems while mitigating adversarial risks. This research contributes to software engineering by 23 
providing an adaptive security framework, which has implications for developing secure-by-design software and 24 
advancing cybersecurity paradigms in an era of increasing technological complexity. 25 
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Introduction 27 

The exponential growth of software applications has revolutionized industries, offering unprecedented 28 
capabilities to businesses and individuals. However, this rapid expansion has also introduced a complex 29 
landscape of security threats, ranging from malware and phishing attacks to zero-day vulnerabilities and 30 
insider threats. Traditional security models, which rely on static rule-based systems and manual 31 
interventions, often fail to address evolving challenges. As a result, there is a growing need for innovative 32 
approaches that can adapt to the dynamic nature of cyber threats. Artificial Intelligence (AI)-augmented 33 
security models have emerged as promising solutions that leverage machine learning (ML) and data-34 
driven analytics to enhance the detection and mitigation of security risks in software development 35 
(Nguyen et al., 2018). The integration of artificial intelligence (AI) into cybersecurity has emerged as a 36 
transformative approach to addressing modern security challenges.  37 

The concept of utilizing AI for security began to gain traction in the early 2000s, primarily in anomaly 38 
detection and automated threat response systems. However, significant advancements in AI capabilities, 39 
driven by increased computational power and access to large datasets, have accelerated the adoption of 40 
AI-augmented security models since 2018. Modern applications increasingly focus on predictive 41 
analytics, behavioral analysis, and real-time threat intelligence (Nguyen et al., 2018). By embedding AI-42 
driven tools and frameworks into the Software Development Life-cycle (SDLC), organizations can 43 



 

 

proactively address vulnerabilities and enhance their overall security posture. Machine learning, which is 44 
a subset of AI, plays a pivotal role in these models by enabling systems to identify anomalies, predict 45 
potential threats, and automate responses. Techniques such as supervised learning, unsupervised learning, 46 
and reinforcement learning are widely applied to tasks like vulnerability assessment, malware detection, 47 
and user behavior analysis. For instance, supervised learning algorithms can classify known threats based 48 
on historical data, and unsupervised learning can uncover previously unknown attack patterns (Singh & 49 
Chatterjee, 2019). Reinforcement learning further enhances these systems by allowing them to adapt and 50 
improve based on feedback from real-world interactions (Kumar et al., 2022). One of the most significant 51 
advantages of AI-augmented security models is their ability to operate in real-time, providing continuous 52 
monitoring and rapid incident response. This is particularly critical in addressing zero-day vulnerabilities, 53 
where the window of exploitation can be incredibly short (Alshahrani et al., 2019). The incorporation of 54 
AI-driven security models into software development processes raises important ethical and regulatory 55 
considerations. Ensuring compliance with standards such as the General Data Protection Regulation 56 
(GDPR) and maintaining transparency in AI decision-making are critical for fostering trust and 57 
accountability. Furthermore, the deployment of these models must balance the need for robust security 58 
with the preservation of user privacy, particularly in sensitive applications such as healthcare and finance 59 
(Chen & Liu, 2020). AI-augmented security models leverage machine learning (ML), data analytics, and 60 
intelligent automation to detect, predict, and mitigate threats more effectively than traditional methods.  61 

Traditional security models rely heavily on rule-based systems, signature-based detection, and manual 62 
intervention as a result, have struggled to keep up with the dynamic and complex nature of cyber threats. 63 
AI-enhanced models address these limitations by adapting to evolving attack vectors and providing 64 
proactive defenses (Singh & Chatterjee, 2019). For instance, AI-driven tools can analyze vast amounts of 65 
log data to identify subtle indicators of compromise that may elude conventional systems. AI-augmented 66 
security models excel at processing vast volumes of data in real-time, detect subtle patterns, and learn 67 
from new threat scenarios. These capabilities make them particularly suitable for modern software 68 
development environments, which are characterized by agile methodologies, rapid release cycles, and 69 
increasingly complex architectures such as microservices and cloud-native applications (Patel et al., 70 
2020). the significance of this research lies in its potential to transform software security practices by 71 
embedding intelligent, adaptive, and scalable defense mechanisms into the development process. By 72 
addressing both current and emerging challenges, this approach will also advance the state-of-the-art 73 
cybersecurity research and ensure the sustainable and secure evolution of software engineering. 74 

 75 

Review of related works 

Overview of Existing Security Models: Traditional and AI-Based Approaches 

Cybersecurity development has advanced greatly throughout history as multiple security models 

have emerged to combat increasingly sophisticated Cyber threats. Security models fall into two 

primary categories which are traditional approaches and AI-based approaches. Traditional 

security models have established the groundwork for current practices; however, AI-based 

strategies provide flexible and responsive solutions that overcome the inherent constraints of 

traditional methods. The strengths and weaknesses of traditional and AI-based security 

approaches exist alongside specific gaps that demand AI be merged into security systems. 

Conventional systems deliver dependable protection against established threats, whereas AI-

based systems demonstrate unmatched abilities to detect and address new vulnerabilities. AI-

based system adoption requires addressing current integration challenges along with 

interpretability problems and their vulnerability to adversarial attacks. Future security models will 



 

 

deliver complete and flexible solutions to the evolving threat landscape by connecting current 

system gaps. 

Traditional Security Models 

Traditional security models depend on rule-based mechanisms that utilize predefined signatures, 

heuristics, and manual configurations to detect and control threats. Firewalls control network 

traffic by monitoring and applying predefined security rules, whereas intrusion detection systems 

identify suspicious activities and known attack patterns via network traffic analysis. Antivirus 

software protects systems by scanning files against a database of known malware signatures to 

defend against recognized threats. Access control mechanisms strengthen security by 

implementing user authentication and authorization protocols to protect sensitive data and 

systems. The security models include firewalls, intrusion detection and prevention systems 

(IDPS) along with antivirus software, and access control mechanisms. 

i. Strengths of Traditional Models 

a. Stability and Proven Effectiveness: Traditional models have a long history of reliability, offering 

consistent protection against well-known threats (Rashid et al., 2019). 

b. Ease of Implementation: These models are relatively straightforward to implement and maintain, 

making them accessible to organizations with limited technical expertise (Sharma & Verma, 

2018). 

ii. Weaknesses in Traditional Models 

a. Static and Reactive Nature: Traditional models are primarily reactive and rely on known threat 

signatures. These limitations make them ineffective against zero-day vulnerabilities and advanced 

persistent threats (APTs) (Khan et al., 2020). 

b. Manual Interventions: These systems often require human intervention to update rules and 

respond to emerging threats, leading to delays in mitigation efforts (Chen et al., 2018). 

c. Inability to Handle Large-Scale Data: The increasing complexity and scale of modern IT 

ecosystems overwhelm traditional systems, reducing their efficacy in identifying anomalies 

(Zhang & Liu, 2021). 

AI-Based Security Models 

AI-based security models leverage machine learning (ML), deep learning (DL), and other AI technologies 

to automate threat detection and mitigation. Technologies such as convolutional neural networks (CNNs) 

and recurrent neural networks (RNNs) are often employed to analyze network traffic and detect 

anomalies. Frameworks like TensorFlow and PyTorch facilitate the implementation of these models, 

while specialized tools such as IBM QRadar and Azure Sentinel integrate AI capabilities to realize 

enhanced threat intelligence and response. These models are designed to analyze vast amounts of data, 

identify patterns, and adapt to new threats without extensive manual intervention. 

 

i. Strengths of AI-Based Models 



 

 

a. Adaptability and Proactive Threat Detection: AI-based systems can identify previously unknown 

threats by analyzing patterns and anomalies in real-time. For example, unsupervised learning 

algorithms excel at detecting deviations from normal behavior (Nguyen et al., 2019). 

b. Automation and Scalability: These models reduce the need for human intervention, making them 

suitable for large-scale and complex environments, such as cloud-native ecosystems and IoT 

ecosystems (Patel & Gupta, 2021). 

c. Enhanced Accuracy: Advanced algorithms such as Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs), improve the detection accuracy of malware, phishing, and 

other threats (Singh et al., 2020). 

ii. Weaknesses in AI-Based Models 

a. Data Dependency: High-quality and diverse datasets are essential for training effective AI 

models. However, obtaining such datasets is challenging due to privacy concerns and the scarcity 

of labeled data for certain threat types (Zhou et al., 2020). 

b. Vulnerability to Adversarial Attacks: AI systems can be manipulated through adversarial machine 

learning, where attackers craft inputs to deceive the models (Biggio et al., 2018). 

c. Interpretability Issues: The black-box nature of many AI algorithms makes it difficult to 

understand their decision-making processes, leading to challenges in accountability and trust 

(Chen et al., 2021). 

Comparative Analysis 

The fundamental difference between traditional and AI-based models lies in their threat detection and 

response approaches. Table 1.0 summarizes these key distinctions: 

Table 1.0: features and difference between Traditional and AI-Based Security Models 

 

 

 

 

 

 

 

This comparative framework highlights the strengths and weaknesses of both approaches, providing a 

foundation to discuss the potential integration of their features into robust cybersecurity solutions. 

Traditional systems are reactive, relying on predefined rules and signatures, whereas AI-based models are 

proactive and adaptive and use data-driven insights to identify emerging threats. 

For example, Rashid et al. (2019) compared the performance of traditional intrusion detection systems 

with AI-enhanced systems. Their study found that AI-based models achieved higher detection rates for 

novel threats, whereas traditional systems excelled in detecting known vulnerabilities. Similarly, Nguyen 

Features Traditional Security Models AI-Based Security Models 

Detection Mechanism Predefined-rules and signatures Data-driven insights and pattern 

recognition 

Response Nature Reactive Proactive and adaptive 

Scalability Limited Highly scalable 

Human Intervention High reliance Minimal reliance 

Handling Zero-Day Threats Limited Effective through anomalies 

Interpretability Transparent and understandable Often opaque and complex 



 

 

et al. (2019) demonstrated the superiority of ML-based anomaly detection in identifying insider threats, 

which is an area in which traditional systems often struggle due to their reliance on static rules. However, 

the transition from traditional to AI-based models is not without challenges. Khan et al. (2020) 

emphasized the need for hybrid systems that combine the stability of traditional methods with the 

adaptability of AI. Their research suggested that such systems could leverage the strengths of both 

approaches while mitigating their respective weaknesses. 

Existing Gaps in Security Models 

Some existing gaps remain to be considered when developing security models, which include the 

following. 

i. Integration Challenges: Many organizations struggle to integrate AI-based models into existing 

security infrastructures. This gap highlights the need for frameworks that facilitate seamless 

integration without disrupting operations (Sharma & Verma, 2018). For instance, a case study by 

Patel & Gupta (2021) demonstrated how a multinational corporation faced operational disruptions 

while attempting to implement an AI-driven security solution, leading to delays in threat 

mitigation. 

ii. Explainability and Trust: The lack of interpretability in AI-based models limits their adoption, 

particularly in industries with stringent regulatory requirements, such as health care and finance 

(Chen et al., 2021). Zhou et al. (2020) documented how a health care provider rejected an AI-

based threat detection system because of its inability to justify decisions in compliance with 

HIPAA regulations. 

iii. Defense Against Adversarial Attacks: AI models improve detection capabilities; however, they 

are also susceptible to adversarial manipulation. Research by Biggio et al. (2018) provided a 

detailed example of attackers crafting inputs that bypassed an AI-based intrusion detection system 

in a simulated enterprise network. 

iv. Data Privacy and Security: The reliance on large datasets to train AI models raises concerns 

about data privacy and compliance with regulations like GDPR (Zhou et al., 2020). A notable 

instance discussed by Zhang and Liu (2021) involves a financial institution fined for 

inadvertently exposing customer data during the training of an AI model. 

Advancements in Machine Learning for Security  

Machine learning (ML) has emerged as a transformative force in cybersecurity, enabling systems to 

identify threats, adapt to evolving attack vectors, and mitigate risks more effectively than traditional 

methods. Recent advancements have demonstrated the potential of ML techniques across diverse 

applications, ranging from intrusion detection and malware analysis to fraud prevention and insider threat 

detection. 

One of the most impactful areas is anomaly-based intrusion detection. ML models, particularly 

unsupervised learning techniques like clustering and anomaly detection algorithms, excel at identifying 

deviations from normal network behavior, offering robust defense against zero-day attacks (Nguyen et al., 

2019). Deep learning (DL) models, including convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs), have further enhanced capabilities by analyzing high-dimensional data and detecting 

complex patterns in network traffic (Zhang & Liu, 2021). In malware detection, ML techniques have 

shifted the paradigm from signature-based approaches to behavior-based analysis. For example, support 

vector machines (SVMs) and ensemble learning methods have demonstrated high accuracy in classifying 

malicious files by learning from historical attack data (Singh et al., 2020). Moreover, DL frameworks like 

autoencoders have been employed to identify sophisticated malware variants, achieving superior 



 

 

performance in terms of identifying polymorphic and metamorphic malware (Chen et al., 2021). Phishing 

detection has also benefitted from ML advancements. Natural language processing (NLP) models, such as 

transformer-based architectures like BERT, have been leveraged to analyze email content and detect 

phishing attempts with remarkable precision (Patel & Gupta, 2022). These models integrate semantic 

understanding with behavioral analytics to address the traditional limitations of phishing mitigation 

strategies. Adversarial machine learning (AML) has gained attention for its vulnerabilities and 

countermeasures. Researchers have explored methods to defend against adversarial attacks by developing 

robust algorithms and employing techniques like adversarial training, which exposes ML models to 

crafted adversarial examples during training (Biggio et al., 2018). A recent study by Zhou et al. (2020) 

highlights frameworks to enhance model resilience in cybersecurity applications. Hybrid ML models that 

combine supervised and unsupervised learning also demonstrate promise. By integrating clustering 

algorithms with classification techniques, these models can detect both known and unknown threats, 

thereby enhancing adaptability and coverage (Khan et al., 2023). In addition, federated learning—a 

technique that trains models across decentralized devices while preserving data privacy—has been 

applied to cybersecurity, addressing concerns related to data sharing and compliance (Rashid et al., 2022). 

Despite these advancements, challenges remain. Issues such as interpretability of ML models, quality of 

training datasets, and computational costs require further research. Nonetheless, the integration of ML 

techniques into cybersecurity has laid the groundwork for adaptive, scalable, and effective threat 

mitigation solutions, marking a significant evolution in the field. 

Principles of AI-Augmented Security Models 

AI-augmented security models are based on several key principles: 

i. Data-driven decision-making: These models utilize data from diverse sources, including 

network traffic, user behavior, and system logs, to train algorithms capable of recognizing 

patterns and anomalies. The quality and diversity of data significantly affect the accuracy of these 

models (Zhou et al., 2020). 

ii. Automation and Scalability: AI automates routine security tasks, such as threat detection and 

vulnerability scanning, enabling organizations to scale their defenses without proportional 

increases in manpower. Automation also reduces response times, which is critical for mitigating 

fast-moving attacks like ransomware (Bhatele et al., 2021). 

iii. Adaptability: Unlike static rule-based systems, AI models continuously learn and adapt to new 

threats. This is achieved through techniques such as reinforcement learning, where the system 

improves its performance over time based on feedback (Kumar et al., 2022). 

iv. Integration with Existing Frameworks: AI-augmented models often complement traditional 

security mechanisms, such as firewalls and intrusion detection systems (IDS), by enhancing their 

effectiveness rather than replacing them entirely (Patel et al., 2020). 

AI-augmented security models are characterized by their ability to process and analyze large datasets in 

real time. Unlike traditional models that focus on predefined threats, AI systems excel at detecting 

previously unknown or zero-day vulnerabilities. The key distinguishing features are as follows: 

i. Behavioral Analysis: AI models can establish baselines for normal user and system behavior, 

enabling them to detect deviations indicative of potential threats (Alshahrani et al., 2019). For 

example, sudden spikes in data transfer activity may indicate an insider threat. 

ii. Predictive Analytics: By analyzing historical data, AI models can forecast potential attack 

patterns and proactively implement countermeasures. Predictive capabilities are particularly 

useful for identifying vulnerabilities in software development lifecycle (SDLC) (Rahman et al., 

2021). 



 

 

iii. Threat Intelligence Sharing: AI enhances the aggregation and dissemination of threat 

intelligence across organizations and industries. Collaborative AI-driven platforms improve 

situational awareness and enable coordinated responses to global threats (Chen & Liu, 2020). 

Benefits and Impact on Software Development 

AI-augmented security models have revolutionized software development by embedding security 

measures in every phase of the development lifecycle. The key benefits of this strategy include the 

following: 

i. Early Vulnerability Detection: AI tools can analyze source code for potential security flaws 

during development, thereby reducing the likelihood of costly postrelease patches (Roy et al., 

2022). 

ii. Enhanced Security Testing: Automated penetration testing and fuzz testing using AI have 

become integral to ensure robust software security. These methods identify edge cases and 

vulnerabilities that manual testing overlooks (Garg et al., 2019). 

iii. Continuous Monitoring: AI-powered systems provide continuous monitoring and rapid incident 

response capabilities, which are essential for protecting dynamic and distributed software 

environments (Ahmed et al., 2021). 

AI in the Secure Software Development Life-cycle (SSDLC) 

The integration of Artificial Intelligence (AI) into the Secure Software Development Life-cycle (SSDLC) 

has transformed how security is approached in software engineering. AI capabilities, particularly in 

automating processes, improving accuracy, and adapting to evolving threats, have enhanced the ability to 

embed security in all stages of the development process.  

AI in Automating Security Testing 

AI enables the automation of vulnerability detection using tools that analyze network traffic, system 

behavior, and application interactions. Machine learning algorithms, particularly supervised and 

unsupervised models, are leveraged to identify patterns associated with security flaws, such as injection 

attacks and insecure configurations (Nguyen et al., 2020). AI-powered fuzz testing further enhances 

security testing by dynamically generating test cases and analyzing edge cases for unknown 

vulnerabilities, thereby reducing the chance of exploitation (Zhang et al., 2021). Frameworks like IBM 

AppScan and DeepInstinct demonstrate that AI-driven tools can effectively identify vulnerabilities with 

higher precision than traditional methods (Khan et al., 2022). 

Code Analysis Using ML for Vulnerability Identification 

Machine Learning (ML) algorithms have become integral to static and dynamic code analysis, offering 

real-time identification of vulnerabilities during the development phase. Deep learning models such as 

Convolutional Neural Networks (CNNs) and transformer models, analyze complex code patterns to detect 

potential threats like buffer overflows, race conditions, and insecure APIs. Tools such as CodeAI and 

DeepCode utilize these algorithms to scan codebases efficiently and provide actionable recommendations 

to developers (Patel & Gupta, 2021). Natural language processing (NLP)-based models are also gaining 

traction for parsing and understanding code semantics. These models are trained on vast datasets 

containing examples of vulnerabilities and fixes, which allows them to offer intelligent suggestions 

during code writing (Rashid et al., 2022). Integrating these tools into Integrated Development 



 

 

Environments (IDEs) like Visual Studio Code, provides developers immediate feedback, reducing the 

chance of introducing security flaws. 

AI in CI/CD Pipelines for Real-Time Threat Mitigation 

In modern software development, Continuous Integration and Continuous Deployment (CI/CD) pipelines 

play a critical role in automating the build, test, and deployment processes. Incorporating AI-driven 

security tools into these pipelines ensure real-time threat detection and mitigation. For instance, tools like 

Snyk and WhiteSource leverage machine learning to scan for vulnerabilities in dependencies and provide 

fixes before deployment (Chen et al., 2021). AI enhances these pipelines by detecting anomalies in build 

environments that might signal security risks, such as unauthorized access or malicious code injections. 

Predictive analytics powered by AI models can forecast potential threats based on historical data, 

allowing teams to preemptively address risks (Singh et al., 2023). Furthermore, AI facilitates compliance 

checks by automatically validating configurations against industry standards, such as PCI DSSs and 

GDPRs (Zhou et al., 2020). 

Framework for Building AI-Augmented Security Models 

The development of AI-augmented security models requires a well-structured framework that integrates 

AI capabilities into traditional security architectures. Such models leverage machine learning (ML), deep 

learning (DL), and other AI technologies to enhance threat detection, mitigation, and response 

mechanisms. This section explores the key components of AI-augmented security architecture, 

methodologies for integrating AI into existing security frameworks, and guidelines for ensuring the 

reliability and robustness of such systems. 

Components of an AI-Augmented Security Architecture  

Data Collection and Preprocessing 

Data are central to AI-augmented security models. A robust architecture requires mechanisms to collect 

diverse, high-quality data from various sources, such as network traffic logs, system activity, and user 

behavior. Preprocessing techniques, including normalization, anonymization, and feature extraction, are 

essential to ensure data consistency and security (Nguyen et al., 2019). 

Machine Learning Models 

The core of the proposed architecture are ML algorithms that analyze patterns and anomalies. Supervised 

learning models like support vector machines (SVMs) and deep learning architectures, including 

convolutional neural networks (CNNs), are often used for malware and intrusion detection (Patel & 

Singh, 2021). 

Threat Intelligence Integration 

Real-time threat intelligence feeds enhance the system’s ability to respond to emerging threats. This 

component incorporates data from open-source and proprietary threat intelligence platforms, which 

allows the model to adapt dynamically to new vulnerabilities (Chen et al., 2020). 

Response Mechanisms 

Automated response systems, which are powered by AI, execute predefined actions, such as isolating 

compromised systems, blocking malicious IP addresses, and notifying administrators. Reinforcement 

learning models are increasingly being used to optimize response strategies (Zhou et al., 2021). 

Monitoring and Feedback Loops 

Continuous monitoring ensures that the system adapts to evolving threats. Feedback loops, where insights 

from incidents are fed back into the model, allow for iterative improvement and enhanced accuracy (Khan 

et al., 2023). 

 



 

 

Methodology to Integrate AI into Existing Security Frameworks 

Assessment of Current Infrastructure 

Organizations must first evaluate their existing security frameworks and identify gaps and areas where AI 

can provide enhancements. A hybrid approach that combines traditional tools with AI-driven solutions 

often proves effective (Sharma & Verma, 2020). 

 

AI Model Development and Training 

Developing AI models tailored to specific organizational needs is crucial. Training these models requires 

access to labeled datasets that reflect real-world scenarios, along with regular updates to ensure relevance 

(Rashid et al., 2022). 

 

Integration with Legacy Systems 

Seamless integration is achieved using middleway or APIs that bridge AI capabilities with existing 

security tools. For example, incorporating an AI-based anomaly detection module into a legacy intrusion 

detection system (IDS) can significantly enhance the system’s efficiency (Chen et al., 2018). 

 

Deployment and Testing 

Deploying AI models into production environments requires rigorous testing to ensure their performance 

under real-world conditions. Techniques such as sandbox and red-teaming help validate the system’s 

efficacy and resilience (Zhang et al., 2021). 

 

 

 

Methods 

The Cross-Industry Standard Process for Data Mining (CRISP-DM) framework was used in this study. 

This methodology comprises six phases that can be adapted to effectively integrate machine learning into 

security models effectively: 

 



 

 

Figure 1.0 Cross-Industry Standard Process For Data Mining (Kostas, 2022)  

Business Understanding: This stage identifies specific threats relevant to the software being developed, 

such as code vulnerabilities, unauthorized access, and data breaches. This phase involves collaboration 

between development, security, and operations teams to establish the scope of threat detection and 

mitigation efforts. 

Data Understanding: This step collects and analyzes relevant data, historical security incident data, 

source code repositories, logs from security tools (like QRadar), and user behavior data. Analyze these 

data to understand the types of threats encountered and the context in which they occur. This phase may 

involve identifying key features for further analysis, such as user roles, access patterns, and code changes. 

Data preparation: The collected data are cleaned and preprocessed. This includes normalizing data, 

encoding categorical variables, handling missing values, and feature engineering to create relevant 

features for machine learning models. For instance, generating features that capture changes in code 

commits or unusual access patterns can enhance model effectiveness. 

Modeling phase: This phase involves hyperparameter tuning and cross-validation to optimize model 

performance. Select and build machine learning models for threat detection. Select appropriate models 

(e.g., LSTMs for sequential data, autoencoders for anomaly detection). These models were trained on the 

prepared dataset to identify patterns indicative of security threats.  

Evaluation: This phase ensures that the models not only detect threats accurately and align with defined 

security goals. Engage stakeholders to confirm that the models meet their needs and requirements. The 

effectiveness of the models was evaluated using metrics such as precision, recall, F1-score, and area 

under the ROC curve.. 

Deployment: This involves setting up real-time monitoring systems powered by the models to detect 

anomalies in live environments. In addition, feedback loops are established to continuously retrain and 

refine models based on new data. The trained machine learning models are integrated into the CI/CD 

pipelines to automate security checks during development.  
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  Figure 1.2: Proposed Hybrid Framework for Threats Detection and Mitigation 

The proposed hybrid framework comprises three main components: 

i. Traditional Rule-Based Methods 

ii. Supervised Machine Learning Algorithms 

iii. Unsupervised Machine Learning Algorithms 

The integration of both supervised and unsupervised methods creates a robust detection environment. The 

hybrid framework operates as follows: 

i. Data Ingestion: The network traffic data are collected and preprocessed. Known threats are 

filtered out using rule-based methods. 

ii. Anomaly Detection: Unsupervised algorithms analyze the remaining traffic to flag potential 

anomalies. In addition, supervised models simultaneously classify known threats. 

iii. Threat Identification: Anomalies flagged by unsupervised learning are further analyzed using 

supervised models to determine whether they correspond to known vulnerabilities or represent 

new threats. 

iv. Threat Response: Once a threat is identified, the system can initiate an automated response, such 

as isolating affected systems or alerting security personnel. 

Traditional Rule-Based Methods are effective for detecting known threats and anomalies that fit 

established patterns. However, they often struggle with novel threats, such as zero-day vulnerabilities. In 

the proposed framework, rule-based methods serve as the first line of defense by filtering out known 

threats and reducing the volume of data fed into the ML components. In addition, in this study, we 

employed several supervised algorithms, such as the Decision Tree Used for their interpretability and 

ability to handle both categorical and numerical data. It is good for classifying known threats based on 

historical attack vectors. Support Vector Machine (SVM) is an effective algorithm for high-dimensional 

data. SVMs can distinguish between benign and malicious behaviors by identifying the optimal 

hyperplane. In addition, Random Forest is an ensemble method that reduces overfitting and improves 

accuracy. Random forests were used to classify network traffic based on historical patterns while 

incorporating multiple decision trees. We integrated TensorFlow with IBM QRadar for anomaly detection 

and threat response. The choice of this model was dependent on the nature of the data, complexity of the 

task, and specific objectives of the anomaly detection framework. Autoencoders and Variational 

Autoencoders (VAE) models were combine in the study.  Autoencoders are unsupervised neural networks 

that learn to encode input data into a lower-dimensional space and then reconstruct it. It is particularly 

effective for anomaly detection when training on normal data. The VAE model, which is a probabilistic 

version of autoencoders, generates new data points from learned distributions and is useful for generating 

synthetic data and detecting anomalies by evaluating the probability of input data under the learned 

distribution. 



 

 

In this study, a labeled dataset consisting of network traffic logs was used to train the supervised models. 

The models were evaluated based on metrics such as accuracy, precision, recall, and F1-score. The 

trained models were then deployed to classify real-time data and identify known threats with high 

accuracy. The unsupervised algorithms were applied to the same network traffic logs to identify unusual 

patterns that did not conform to historical behavior. The results were validated through domain expertise 

to identify potential zero-day vulnerabilities not previously encountered. 

Results 

In the study, the hybrid framework demonstrated significant improvements in terms of detection rates for 

both known and unknown threats. Key findings: 

i. Increased Detection Rates: The combination of rule-based filtering and advanced ML 

algorithms resulted in a 30% increase in the detection of known threats. 

ii. Effective Zero-Day Identification: The unsupervised models successfully identified several 

anomalies that were later confirmed as zero-day vulnerabilities, thereby demonstrating the 

framework’s adaptability. 

iii. Faster Response Times: The automated threat response mechanisms reduced the average 

incident response time by 40%, thereby improving the overall system resilience. 

 

 

 

Conclusion 

The proposed hybrid framework combines traditional rule-based methods with supervised and 

unsupervised machine learning algorithms offers a comprehensive approach to enhancing anomaly 

detection, zero-day vulnerability identification, and threat response. By leveraging the strengths of both 

methodologies, organizations can achieve higher accuracy, adapt to evolving threats, and improve their 

overall cybersecurity posture. Future research could focus on refining the integration process and 

exploring additional ML algorithms for further enhancement. 
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