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Abstract— In the rapidly evolving landscape of 

cybersecurity, the effectiveness of incident response and 

forensic techniques is critical for minimizing the impact of 

cyberattacks. This research paper compares several widely 

used techniques, including Security Information and 

Event Management (SIEM) systems, manual log analysis, 

automated incident response, Deep Packet Inspection 

(DPI), and machine learning-based anomaly detection. 

The comparative analysis focuses on detection accuracy, 

time to detect (TTD), time to respond (TTR), false positive 

rate (FPR), scalability, and resource consumption. The 

findings reveal that while machine learning-based systems 

offer the highest detection accuracy and scalability, they 

also require substantial computational resources. The 

paper concludes with recommendations for hybrid systems 

and resource optimization to enhance overall cybersecurity 

defenses. 

 

I. INTRODUCTION 

 

1.1 Background 

Cybersecurity incident response and forensic analysis 

are crucial components of an organization's defense 

strategy. As cyberattacks become increasingly 

sophisticated, organizations must employ advanced 

techniques to detect, respond to, and analyze these 

threats effectively. Traditional methods such as 

manual log analysis and SIEM systems, while 

effective in certain scenarios, are often inadequate in 

the face of modern threats. The integration of machine 

learning and automated systems has introduced new 

opportunities for enhancing the effectiveness of these 

techniques. 

 

1.2 Objective 

This research paper aims to provide a comparative 

analysis of various cybersecurity incident response 

and forensic techniques, identifying their strengths, 

weaknesses, and potential areas for improvement. The 

objective is to guide organizations in selecting the 

most appropriate techniques based on their specific 

needs and resources. 

II. METHODOLOGY 

 

2.1 Data Collection 

Data for this study was collected from a variety of 

sources, including real-world incident reports, 

simulated cyberattacks, and academic research. The 

techniques evaluated include SIEM systems, manual 

log analysis, automated incident response, DPI, and 

machine learning-based anomaly detection. 

 

2.2 Evaluation Metrics 

The evaluation metrics used in this study include 

detection accuracy, TTD, TTR, FPR, scalability, and 

resource consumption. These metrics were selected 

based on their relevance to the effectiveness and 

efficiency of incident response and forensic 

techniques. 

 

III. COMPARATIVE ANALYSIS 

 

3.1 Metrics and Results 

3.1.1 Detection Accuracy 

Detection accuracy is a critical measure of a system's 

ability to correctly identify legitimate threats while 

minimizing false positives and false negatives. The 

accuracy is calculated using the formula: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) 

 

Where: 

• TP is the number of true positives, 

• TN is the number of true negatives, 

• FP is the number of false positives, 

• FN is the number of false negatives. 
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Table 1: Comparison of Detection Accuracy Across 

Techniques 
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3.1.2 Time to Detect (TTD) and Time to Respond 

(TTR) 

TTD and TTR are critical metrics in incident response. 

These are measured by the time taken to detect an 

incident after its occurrence and the time taken to 

mitigate the threat, respectively. The formulas used 

are: 

 

𝑇𝑇𝐷 = ∑𝑖 = 1 𝑡𝑜 𝑛(𝑇𝑖/𝑛) 

𝑇𝑇𝑅 = ∑𝑖 = 1 𝑡𝑜 𝑛(𝑅𝑖/𝑛) 

 

Where: 

• Ti is the detection time for the i-th incident, 

• Ri  is the response time for the i-th incident. 

 

Table 2: Comparison of Time to Detect (TTD) and 

Time to Respond (TTR) 

 

 

Technique Mean TTD (minutes) Mean TTR (minutes) 

SIEM Systems  45 75 

Manual Log 

Analysis  

60 90 

Automated Incident 

Response 

20 35 

Deep Packet 

Inspection 

30 50 

ML based Anomaly 

Detection 

25 40 

 

3.1.3 False Positive Rate (FPR) 

The FPR is a significant metric as it directly impacts 

the efficiency of incident response teams. The FPR is 

defined as: 

𝐹𝑃𝑅 = 𝐹𝑃/(𝐹𝑃 + 𝑇𝑁) 

Where: 
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• FP is the number of false positives, 

• TN is the number of true negatives. 

 

Table 3: Comparison of False Positive Rates (FPR) 

 

Technique False 

Positive 

(FP) 

True 

Negative 

(TN) 

FPR (%) 

SIEM 

Systems  

120  720 14.3 

Manual Log 

Analysis 

140 730 16.1 

Automated 

Incident 

Response 

130 750 12.9 

Deep Packet 

Inspection 

130 750 14.8 

ML Based 

Anomaly 

Detection 

100 760 11.6 

 

3.1.4 Scalability 

Scalability refers to the ability of a system or technique 

to handle increasing volumes of data without 

performance degradation. This is evaluated by testing 

each method under varying data loads and assessing 

their response times and accuracy. 

 

Table 4: Scalability Analysis 
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3.1.5 Resource Consumption 

Resource consumption is measured in terms of CPU 

usage, memory usage, and network bandwidth. 

Techniques that require significant resources may not 

be suitable for all environments, particularly those 

with limited computational power. 

 

Table 5: Resource Consumption Comparison 

 

Technique CPU Usage 

(%) 

Memory 

Usage (GB) 

Network 

Bandwidth 

(Mbps) 

SIEM 

Systems 

20 4  15 

Manual Log 

Analysis 

15 3 30 

Automated 

Incident 

Response 

35 8 70 

Deep Packet 

Inspection 

(DPI) 

40 10 90 

Machine 

Learning-

Based 

Anomaly 

Detection 

50 12 100 
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IV. COMPARATIVE ANALYSIS AND 

RESULTS 

 

4.1 Detection Accuracy 

The comparative analysis reveals that machine 

learning-based anomaly detection systems exhibit the 

highest detection accuracy, followed by DPI and 

SIEM systems. Manual log analysis, while accurate, 

falls behind due to its reliance on human interpretation 

and its inability to scale. 

Summary of Findings: 

• Highest Accuracy: Machine learning-based 

anomaly detection with 88.5%. 

• Lowest Accuracy: SIEM systems with 82.0%. 

 

4.2 Time to Detect (TTD) and Time to Respond (TTR) 

Automated incident response systems significantly 

outperformed manual methods in terms of TTD and 

TTR. Automated systems reduced the TTD and TTR 

by approximately 60% compared to traditional 

methods like manual log analysis. This is primarily 

due to the automated system’s ability to continuously 

monitor and respond to incidents in real-time, 

minimizing the window of vulnerability. 

Summary of Findings: 

• Fastest Detection and Response: Automated 

incident response with TTD of 20 minutes and 

TTR of 35 minutes. 

• Slowest Detection and Response: Manual log 

analysis with TTD of 60 minutes and TTR of 90 

minutes. 

 

4.3 False Positive Rate (FPR) 

False positives remain a critical challenge across all 

techniques. SIEM systems and DPI showed moderate 

FPRs, while machine learning models demonstrated a 

reduced FPR due to their ability to learn from vast 

amounts of data. However, even machine learning 

models are not immune to false positives, particularly 

when faced with novel or highly sophisticated attacks. 

Summary of Findings: 

• Lowest FPR: Machine learning-based anomaly 

detection with 11.6%. 

• Highest FPR: Manual log analysis with 16.1%. 

 

4.4 Scalability 

Scalability is a significant advantage of machine 

learning-based anomaly detection systems, which 

maintain high performance across all data loads. In 

contrast, manual log analysis struggles to handle larger 

datasets, leading to performance bottlenecks and 

reduced accuracy. 

Summary of Findings: 

• Best Scalability: Machine learning-based anomaly 

detection. 

• Lowest Scalability: Manual log analysis. 

 

4.5 Resource Consumption 

Resource consumption is a notable downside of 

machine learning-based anomaly detection, as these 

systems demand higher CPU, memory, and network 

resources compared to traditional methods. DPI also 

requires substantial resources, particularly in high-

throughput environments. 

Summary of Findings: 

• Lowest Resource Consumption: Manual log 

analysis. 

• Highest Resource Consumption: Machine 

learning-based anomaly detection. 

 

V. RECOMMENDATIONS FOR 

IMPROVEMENT 

 

Based on the findings, the following recommendations 

are proposed: 

• Hybrid Approach: Combining machine learning-

based anomaly detection with SIEM systems or 

DPI can enhance detection accuracy while 

mitigating resource consumption. 

• Resource Optimization: Implementing resource 

optimization techniques, such as dynamic resource 

allocation and parallel processing, can reduce the 

computational load of machine learning models. 

• Continuous Learning: Incorporating continuous 

learning and model retraining can help machine 

learning systems adapt to evolving threats, 

reducing the likelihood of false positives. 

• Human-Machine Collaboration: Enhancing 

collaboration between automated systems and 

human analysts can leverage the strengths of both, 

improving overall incident response effectiveness. 

 

CONCLUSION 

 

This paper presents a detailed comparative analysis of 

various cybersecurity incident response and forensic 



© September 2024 | IJIRT | Volume 11 Issue 4 | ISSN: 2349-6002 

IJIRT 167700 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 201 

techniques. The analysis reveals that while machine 

learning-based anomaly detection offers superior 

accuracy and scalability, it comes at the cost of higher 

resource consumption. Automated incident response 

systems also show significant advantages in TTD and 

TTR, making them valuable assets in minimizing the 

impact of cyber incidents. However, no single 

technique is without limitations, highlighting the need 

for hybrid approaches and continuous improvement in 

the field. Future research should focus on refining 

these techniques, exploring new approaches, and 

integrating emerging technologies to stay ahead of 

evolving cyber threats. 

 

APPENDIX 

 

Appendix A: Evaluation Metrics Formulas 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) 

𝐹𝑃𝑅 = 𝐹𝑃/(𝐹𝑃 + 𝑇𝑁) 

𝑇𝑇𝐷 = ∑𝑖 = 1 𝑡𝑜 𝑛(𝑇𝑖/𝑛) 

𝑇𝑇𝑅 = ∑𝑖 = 1 𝑡𝑜 𝑛(𝑅𝑖/𝑛) 
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