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1. ABSTRACT 

With the rapid growth of cybersecurity threats, organizations are increasingly struggling to respond to security incidents in a timely 

and efficient manner. Traditional incident response processes often rely on manual investigation and decision-making, which can 

lead to delays, inconsistent handling, and increased risk exposure. To address these challenges, this research presents an automated 

incident response system that combines Security Orchestration, Automation, and Response (SOAR) principles with machine 

learning techniques. 

 

The proposed system is designed to continuously monitor security alerts, intelligently analyze them, and trigger predefined response 

actions with minimal human intervention. Machine learning is used to classify and prioritize incidents based on their severity and 

patterns, enabling faster and more accurate decision-making. Once an incident is identified, automated playbooks are executed to 

perform actions such as alert enrichment, threat containment, and response logging. 

 

The system integrates multiple components, including alert ingestion, data processing, machine learning-based classification, and 

automated response execution, forming a cohesive and scalable architecture. Experimental observations indicate that automation 

significantly reduces response time and improves consistency in handling repetitive security events, while machine learning 

enhances the system’s ability to adapt to evolving threat patterns. 

 

Overall, this research demonstrates that combining SOAR with machine learning can lead to a more efficient, reliable, and scalable 

incident response framework, making it particularly suitable for modern cybersecurity environments where speed and accuracy are 

critical. 
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2. INTRODUCTION 

The increasing dependence on digital systems and interconnected networks has significantly expanded the attack surface for cyber 

threats. Organizations today face a wide range of security incidents, including malware infections, unauthorized access, phishing 

attacks, and advanced persistent threats. As the volume and complexity of these threats continue to grow, traditional incident 

response approaches are finding it difficult to keep up. 

 

In many organizations, incident response still involves a considerable amount of manual effort. Security analysts are required to 

review alerts, investigate their context, determine their severity, and take appropriate actions. This process is not only time-

consuming but also prone to human error and inconsistency. Moreover, the high volume of alerts generated by modern security 

tools often leads to alert fatigue, where critical threats may be overlooked or delayed. 

 

To overcome these limitations, there has been a growing shift towards automation in security operations. Security Orchestration, 

Automation, and Response (SOAR) platforms have emerged as a solution to streamline and standardize incident response processes. 

By using predefined workflows, commonly known as playbooks, SOAR enables organizations to automate repetitive tasks such as 

alert enrichment, data collection, and initial response actions. 

 

However, automation alone is not sufficient to handle the dynamic nature of modern cyber threats. This is where machine learning 

plays a crucial role. Machine learning techniques can analyze patterns in historical security data, helping to classify incidents, 

prioritize alerts, and identify potential threats more accurately. By integrating machine learning with SOAR, it becomes possible to 

build a system that is not only automated but also adaptive and intelligent. 

 

This research focuses on the design and implementation of an automated incident response system that combines SOAR principles 

with machine learning capabilities. The system aims to reduce response time, improve consistency in handling incidents, and 

enhance overall security efficiency. By leveraging automation and intelligent decision-making, the proposed solution seeks to 

address the challenges faced by modern security operations and provide a practical approach to incident response management. 
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3. LITERATURE REVIEW 

The field of cybersecurity incident response has evolved significantly over the years, moving from manual analysis to more 

automated and intelligent systems. Researchers have explored multiple approaches such as alert correlation, machine learning, 

clustering techniques, and reinforcement learning to improve the efficiency of Security Operations Centres (SOCs). 

 

One of the key challenges in modern SOC environments is handling a large volume of alerts while maintaining proper context. A 

graph-based approach to alert contextualisation highlights how relationships between alerts can be modeled using graphs, allowing 

security analysts to better understand multi-step attacks. Similarly, the Graph-Based Alert Correlation (GAC) model proposes 

linking related alerts to detect complex attack patterns that may not be visible when alerts are analyzed individually. These 

approaches emphasize the importance of context and connectivity in improving threat detection accuracy. 

 

Another important area of research focuses on real-time event correlation. The hierarchical security event correlation model 

introduces a structured way of grouping and correlating events at different levels, enabling faster detection and response. This 

layered approach helps reduce noise and ensures that only meaningful alerts are escalated, which is critical in environments where 

alert volumes are extremely high. 

 

In addition to correlation techniques, several studies have explored efficient alert triage mechanisms. The Carbon Filter framework 

presents a scalable solution for real-time alert triage using large-scale clustering and fast search methods. By grouping similar alerts 

together, the system reduces redundancy and helps analysts focus on unique and critical threats. Likewise, research on AI-assisted 

alert analysis using imbalanced learning methods addresses the issue of skewed datasets, where malicious events are significantly 

fewer than normal activities. These techniques improve classification accuracy and reduce false positives. 

 

Machine learning has also been widely applied for alert prioritization and decision-making. Factor graph modeling has been used 

to enhance alert prioritization by considering dependencies between different security events. This allows systems to assign more 

accurate risk scores and improve response effectiveness. Such approaches demonstrate how probabilistic modeling can support 

better decision-making in complex environments. 

 

A growing body of research focuses on the use of reinforcement learning (RL) in cybersecurity. Studies on reinforcement learning 

for malware investigation and incident response highlight how systems can learn optimal response strategies through interaction 

with the environment. Similarly, adaptive reinforcement learning models have been proposed to continuously improve incident 

response decisions based on feedback and evolving threats. Deep reinforcement learning further enhances this capability by enabling 

systems to handle more complex scenarios and large-scale data. 

 

The concept of autonomous and AI-driven SOCs is also gaining attention. Research on AI-powered cyber resilience and automated 

threat hunting in advanced networks, such as 5G environments, demonstrates the potential of intelligent agents to proactively detect 

and mitigate threats. Additionally, the idea of autonomous SOCs introduces AI agents capable of performing alert triage, response 

orchestration, and decision-making with minimal human intervention. 

 

Despite these advancements, most existing solutions focus either on alert correlation, machine learning, or reinforcement learning 

in isolation. There is still a need for a unified framework that combines these capabilities with practical automation mechanisms. 

This research aims to bridge that gap by integrating machine learning with SOAR-based automation to create an efficient and 

scalable incident response system suitable for real-world applications. 

 

4. OBJECTIVES OF THE STUDY 

The primary objective of this study is to design and develop an automated incident response system that improves the efficiency 

and effectiveness of handling cybersecurity incidents. The research aims to reduce the dependency on manual intervention by 

introducing intelligent automation within security operations. 

 

One of the key objectives is to integrate Security Orchestration, Automation, and Response (SOAR) principles into the incident 

response process. This includes automating repetitive tasks such as alert ingestion, enrichment, analysis, and execution of response 

actions through predefined playbooks, thereby ensuring faster and more consistent handling of security events. 

 

Another important objective is to incorporate machine learning techniques for alert classification and prioritization. By analyzing 

patterns in security data, the system aims to distinguish between critical and non-critical alerts, helping security teams focus on 

high-risk incidents and reducing the impact of alert fatigue. 

 

The study also seeks to develop a modular and scalable system architecture that can easily integrate with existing security tools 

such as SIEM platforms and threat intelligence sources. This ensures that the proposed solution remains flexible and adaptable to 

different organizational environments. 

 

Additionally, the research aims to evaluate the performance of the system in terms of response time, accuracy of alert classification, 

and overall system efficiency. The goal is to demonstrate that combining automation with intelligent decision-making can 

significantly enhance incident response capabilities. 
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Finally, the study intends to contribute a practical and implementable framework that can be used by organizations and researchers 

to understand and deploy automated incident response systems, especially in environments where rapid detection and response are 

critical. 

 

5. HYPOTHESIS 

H₁: 
The implementation of an automated incident response system based on SOAR principles is expected to significantly reduce the 

response time compared to traditional manual incident handling processes. This hypothesis is based on the assumption that 

automation of repetitive tasks such as alert analysis and response execution minimizes delays caused by human intervention. 

H₂: 
The use of machine learning for alert classification and prioritization is expected to improve the accuracy of identifying critical 

security incidents. It is assumed that machine learning models can effectively analyze patterns in security data and distinguish 

between high-risk and low-risk alerts more efficiently than manual analysis. 

H₃: 
The integration of machine learning with automated playbooks is expected to enhance the overall efficiency and consistency of 

incident response. This hypothesis evaluates whether combining intelligent decision-making with predefined response actions leads 

to more reliable and standardized outcomes. 

H₄: 

The proposed system is expected to reduce alert fatigue among security analysts by filtering and prioritizing alerts, thereby allowing 

them to focus on genuinely critical incidents. This assumes that automated triage and classification can effectively handle large 

volumes of alerts. 

H₅: 

A modular and scalable system design is expected to support seamless integration with existing security tools and maintain stable 

performance even under continuous monitoring conditions. This hypothesis examines whether the system can operate efficiently in 

real-world environments without significant performance degradation. 

 

6. RESEARCH METHODOLOGY 

This research follows a system design and implementation-based approach to develop and evaluate an automated incident response 

framework. The methodology focuses on integrating Security Orchestration, Automation, and Response (SOAR) principles with 

machine learning techniques to improve the efficiency of handling security incidents. The study includes system design, 

development, execution, and performance evaluation to validate the effectiveness of the proposed solution. 

 
6.1 System Architecture 

The proposed system is designed using a modular architecture, where each component performs a specific function while remaining 

interconnected within a unified workflow. This modular approach ensures flexibility, scalability, and ease of integration with 

external systems. 

 

The architecture consists of the following core modules: 

 

1. Alert Ingestion Module 

This module is responsible for collecting alerts from various sources such as SIEM systems, log files, or APIs. It acts as 

the entry point of the system and ensures that incoming alerts are normalized into a standard format for further processing. 

2. Data Processing and Enrichment Module 

Once alerts are received, this module enriches them with additional contextual information such as IP reputation, 

geolocation, and threat intelligence data. This step improves the quality of input data for analysis and decision-making.  

3. Machine Learning Classification Module 

This module applies machine learning algorithms to classify and prioritize alerts based on their severity and patterns. It 

helps in distinguishing between critical and non-critical incidents, enabling efficient triage.  

4. Decision and Playbook Engine 

Based on the classification results, this module selects appropriate response actions using predefined playbooks. These 

playbooks define step-by-step procedures for handling different types of incidents.  

5. Automated Response Module 

This module executes response actions such as blocking malicious IPs, isolating compromised systems, or generating alerts 

for further investigation. The actions are performed automatically with minimal human intervention.  

6. Logging and Notification Module 

All system activities are logged for audit and analysis purposes. Additionally, real-time notifications are generated to 

inform users or analysts about detected incidents and actions taken.  

 

6.2 Development Environment and Tools 

The system is developed using technologies that support automation, data processing, and machine learning capabilities. The 

implementation primarily uses Python due to its flexibility and extensive library support. 

 

The key tools and technologies used include: 

 Python (for system development and integration)  
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 Machine Learning libraries (such as Scikit-learn or similar frameworks)  

 REST APIs for integration with external systems  

 SIEM tools for alert generation (simulated or integrated)  

 Logging frameworks for tracking system activities  

The system is designed to run on standard computing environments, ensuring practical usability without requiring high-end 

infrastructure. 

 

6.3 Data Collection and Processing 

The system processes security alert data obtained from logs, simulated attack scenarios, or integrated security tools. The collected 

data is preprocessed to remove inconsistencies, handle missing values, and standardize formats. 

 

Feature extraction is performed to identify relevant attributes such as IP address, event type, timestamp, and severity indicators. 

These features are then used as input for the machine learning model. 

 

6.4 Machine Learning Model Implementation 

Machine learning techniques are applied to classify and prioritize alerts. The model is trained using historical or simulated datasets, 

enabling it to learn patterns associated with malicious and benign activities. 

 

The implementation involves: 

 Data splitting into training and testing sets  

 Model training using suitable classification algorithms  

 Evaluation of model performance based on accuracy and prediction capability  

The trained model is integrated into the system to enable real-time classification of incoming alerts. 

 
6.5 Automated Incident Response Workflow 

The operational workflow of the system is designed to ensure quick and consistent handling of incidents. The process follows these 

steps: 

1. An alert is generated and ingested into the system.  

2. The alert is enriched with additional contextual data.  

3. The machine learning model classifies the alert based on severity.  

4. A suitable playbook is selected based on the classification result.  

5. Automated response actions are executed.  

6. The entire process is logged, and notifications are generated.  

This workflow minimizes manual effort and ensures that incidents are handled in a structured and timely manner. 

 
6.6 Evaluation Parameters 

To assess the effectiveness of the proposed system, the following parameters are considered: 

 

 Response Time: Time taken from alert generation to execution of response  

 Classification Accuracy: Ability of the model to correctly identify critical incidents  

 System Efficiency: CPU and memory usage during operation  

 Automation Effectiveness: Reduction in manual intervention  

 Scalability: Ability to handle increasing alert volumes  

 

6.7 Research Significance 
This research demonstrates the practical implementation of an automated incident response system that combines SOAR and 

machine learning. It highlights how intelligent automation can improve response time, reduce workload on analysts, and enhance 

the overall security posture. 

 

The study also provides a scalable and modular framework that can be adapted for real-world cybersecurity environments, making 

it valuable for both academic research and practical deployment. 

7. DATA ANALYSIS 

The data analysis in this study focuses on evaluating how effectively the proposed system processes security alerts, classifies them, 

and triggers appropriate response actions. The analysis is based on alert data collected from simulated scenarios and system-

generated events, representing both normal and potentially malicious activities. 

 

To begin with, the incoming alert data was examined to understand its distribution and characteristics. It was observed that, similar 

to real-world environments, the dataset was highly imbalanced, with a large proportion of low-risk or benign alerts and a relatively 

small number of high-severity incidents. This imbalance reflects a common challenge in cybersecurity, where critical threats are 

often hidden within a large volume of routine alerts. 

 

https://ijnrd.org/
http://www.ijnrd.org/


INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 
© 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | IJNRD.ORG 

 

IJNRD2604187 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org)  

 

b642 

Preprocessing steps were applied to clean and standardize the data before feeding it into the system. This included removing 

duplicate entries, handling missing values, and extracting relevant features such as source IP, event type, timestamp, and severity 

indicators. These features played a crucial role in enabling accurate classification by the machine learning model. 

 

The classification results were then analyzed to assess the model’s ability to distinguish between different types of alerts. It was 

observed that the system was able to correctly identify a majority of high-risk incidents, while also reducing the number of false 

positives. This helped in prioritizing alerts more effectively and ensured that critical threats were not overlooked. 

 

In addition to classification performance, the analysis also focused on the system’s response behavior. Alerts categorized as high 

severity triggered automated playbooks, resulting in actions such as blocking suspicious entities or generating escalation 

notifications. Lower-priority alerts were logged for monitoring purposes, reducing unnecessary intervention. This differentiation 

demonstrated the system’s ability to handle alerts in a structured and efficient manner. 

 

Another important aspect of the analysis was response time. The system showed a noticeable reduction in the time taken from alert 

generation to action execution. Since most of the steps were automated, delays associated with manual decision-making were 

minimized. This highlights the advantage of integrating automation into incident response workflows. 

 

System performance was also evaluated in terms of resource utilization. The analysis indicated that the system maintained stable 

CPU and memory usage during continuous operation, with only minor spikes during data processing and model execution. These 

observations suggest that the system is capable of operating efficiently without causing significant performance overhead. 

 

Overall, the data analysis confirms that the proposed approach is effective in handling large volumes of security alerts, improving 

classification accuracy, and enabling faster response actions. It also highlights the practical benefits of combining machine learning 

with automation in modern cybersecurity environments. 

 

8. TECHNICAL CHALLENGES 

During the design and implementation of the automated incident response system, several practical challenges were encountered. 

These challenges highlight the complexities involved in building a system that combines automation with intelligent decision-

making in a cybersecurity environment. 

 
1. Handling High Volume of Alerts 

One of the major challenges was managing a large number of incoming alerts. In real-world scenarios, security systems 

generate a high volume of events, many of which may not be critical. Processing these alerts efficiently without creating 

delays or missing important incidents required careful design of the ingestion and filtering mechanisms. 

2. Data Imbalance in Machine Learning 

The dataset used for training the machine learning model contained significantly more benign alerts than malicious ones. 

This imbalance made it difficult for the model to accurately learn patterns related to critical incidents. Special attention 

was required during preprocessing and model evaluation to ensure that high-risk alerts were not misclassified. 

3. Feature Selection and Data Quality 

Identifying the right features for classification was another challenge. Security data often comes in unstructured or 

inconsistent formats, making it necessary to clean and transform the data before it can be used effectively. Poor feature 

selection could lead to inaccurate predictions and reduced system performance. 

4. Integration with External Systems 

Integrating the system with external tools such as SIEM platforms, APIs, or threat intelligence sources posed technical 

difficulties. Differences in data formats, communication protocols, and response structures required additional effort to 

ensure smooth interoperability. 

5. Designing Effective Playbooks 

Creating automated response playbooks that are both effective and safe was a critical challenge. Incorrect or overly 

aggressive automation could lead to unintended consequences, such as blocking legitimate users or disrupting normal 

operations. Therefore, playbooks had to be carefully designed and tested. 

6. Maintaining Real-Time Performance 

Ensuring that the system operates in near real-time while performing multiple tasks such as data processing, machine 

learning classification, and response execution was challenging. Optimizing performance without compromising accuracy 

required efficient system design and resource management. 

7. Balancing Automation and Human Control 

While the goal of the system is to reduce manual effort, completely removing human involvement is not always practical 

or safe. Finding the right balance between automation and human oversight was important to maintain trust and reliability 

in the system. 

8. Model Adaptability to Evolving Threats 

Cyber threats continuously evolve, and static machine learning models may become less effective over time. Ensuring that 

the model remains relevant and can adapt to new attack patterns requires regular updates and retraining, which adds to 

system complexity. 
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9. FINDINGS 

The development and evaluation of the proposed automated incident response system provided several important insights into the 

effectiveness of combining SOAR principles with machine learning techniques in cybersecurity operations. 

 

9.1 Reduction in Incident Response Time 

One of the most significant observations was the noticeable reduction in response time. Since alert analysis, classification, and 

response actions were automated, the system was able to react almost immediately after an alert was generated. Compared to 

traditional manual processes, this minimized delays and reduced the risk of threats escalating. 

 

9.2 Improved Alert Classification and Prioritization 

The integration of machine learning enabled the system to effectively classify alerts based on their severity. High-risk incidents 

were identified with better accuracy, allowing the system to prioritize them for immediate action. At the same time, low-priority 

alerts were filtered or logged, reducing unnecessary noise. 

 

9.3 Reduction in Alert Fatigue 

By automatically filtering and prioritizing alerts, the system significantly reduced the burden on security analysts. Instead of 

reviewing every alert manually, analysts could focus only on critical incidents. This not only improved efficiency but also reduced 

the chances of overlooking important threats. 

 

9.4 Consistency in Incident Handling 

The use of predefined playbooks ensured that similar types of incidents were handled in a consistent manner. Unlike manual 

processes, where responses may vary depending on the analyst, the automated system followed standardized procedures, leading to 

more reliable outcomes. 

 

9.5 Effective Automation of Response Actions 

The system successfully executed automated response actions such as alert enrichment, notification, and basic containment 

measures. This demonstrated that a significant portion of incident response activities can be automated without compromising 

effectiveness. 

 

9.6 System Performance and Stability 

During continuous operation, the system maintained stable performance with minimal resource consumption. While slight increases 

in CPU usage were observed during data processing and model execution, these did not impact overall system functionality. This 

indicates that the solution is suitable for practical deployment on standard systems. 

 

9.7 Practical Feasibility of SOAR and ML Integration 

The study confirmed that integrating machine learning with SOAR-based automation is both feasible and beneficial. The combined 

approach not only improved detection and response capabilities but also provided a scalable framework that can be extended for 

more advanced security operations. 

 

10. CONCLUSION 

The increasing complexity and volume of cybersecurity threats have made traditional incident response approaches less effective 

in modern environments. This research presented the design and implementation of an automated incident response system that 

combines Security Orchestration, Automation, and Response (SOAR) principles with machine learning techniques to address these 

challenges. 

 

The proposed system successfully demonstrated how automation can streamline the incident response process by reducing manual 

effort and enabling faster reaction to security events. By incorporating machine learning for alert classification and prioritization, 

the system was able to identify critical incidents more effectively and ensure that appropriate actions were taken in a timely manner. 

The integration of predefined playbooks further contributed to consistent and structured handling of incidents. 

The results of this study indicate that the combination of automation and intelligent decision-making can significantly improve the 

efficiency, accuracy, and scalability of security operations. The system was able to reduce response time, minimize alert fatigue, 

and maintain stable performance during continuous operation, making it suitable for practical deployment in real-world scenarios. 

 

However, the study also identified certain limitations. The effectiveness of the system depends on the quality and relevance of the 

training data used for machine learning. Additionally, the system may require periodic updates and retraining to adapt to evolving 

threat patterns. While automation enhances efficiency, human oversight remains important for handling complex or ambiguous 

cases. 

 

In conclusion, this research highlights the potential of integrating SOAR with machine learning to build a more responsive and 

intelligent incident response framework. The proposed approach provides a practical foundation for future enhancements, such as 

incorporating advanced learning models, expanding integration with security tools, and improving adaptability to emerging threats. 

This work contributes to the ongoing effort of developing smarter and more efficient cybersecurity solutions in an increasingly 

dynamic threat landscape. 
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11. FUTURE STUDY 

While the proposed system demonstrates the effectiveness of combining SOAR with machine learning for automated incident 

response, there are several areas where further improvements and extensions can be explored. 

 

One potential direction is the integration of advanced machine learning and deep learning models. Techniques such as deep neural 

networks or ensemble learning could improve the accuracy of alert classification, especially in complex and evolving threat 

scenarios. Additionally, incorporating unsupervised learning methods may help in detecting previously unseen or zero-day attacks. 

 

Another important area for future work is the adoption of reinforcement learning for decision-making. Instead of relying solely on 

predefined playbooks, the system could learn optimal response strategies over time based on feedback and outcomes. This would 

make the response mechanism more adaptive and intelligent. 

 

The system can also be enhanced by integrating with a wider range of security tools and platforms, such as advanced SIEM systems, 

threat intelligence feeds, and endpoint detection solutions. This would enable richer data collection and more comprehensive 

analysis, further improving detection and response capabilities. 

 

Scalability is another aspect that can be explored in future implementations. Deploying the system in cloud-based or distributed 

environments would allow it to handle larger volumes of alerts and support enterprise-level operations. This would also make the 

system more suitable for real-time processing in large organizations. 

 

Furthermore, improving the explainability of machine learning decisions can be a valuable enhancement. Providing clear insights 

into why a particular alert was classified as critical can help build trust among security analysts and support better decision-making. 

Finally, future studies can focus on evaluating the system using real-world datasets and live security environments. This would 

provide deeper insights into its practical performance and help identify areas for further optimization. 

 

Overall, these enhancements can contribute to the development of a more robust, adaptive, and intelligent incident response system 

capable of addressing the challenges of modern cybersecurity landscapes. 
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