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Abstract: This research paper introduces and discusses deeply an approach to the real-time IP reputation (IPR) concept 

and its validation process for an Amazon Web Services Web Application Firewall (AWS WAF) backend application 

safeguarding using intelligence (AI) technologies. Also, the study examines existing IP reputation solutions over AWS 

WAF which Evaluates methodologies highlighting the difficulties faced and real-world challenges in validating IPR 

while utilizing OpenAI’s generative AI language models the framework aims to automate the extraction and 

interpretation of IP-related information from AWS S3 real-time log storage sources such as logs, and natural language 

reports based on JSON structure. These dedicated algorithms developed, and AI model concepts are powered by 

processing language enabling them to identify incidents and detect patterns of IP behavior that should indicate security 

risks. Also, models do not directly access databases, as they can analyze data from APIs featured and with local 

maintenance database such that AbuseIPDB to evaluate the reputation of IP addresses Integrating AI into the process of 

validating IPs can greatly improve cybersecurity operations by summarizing findings and providing insights ultimately 

saving time and resources. 

 

Index Terms: Real-time IP Reputation, AWS WAF Security, AI-powered IP Validation, OpenAI Language Models, 

Cybersecurity Automation. 

 

 

1. Introduction 

Ensuring the validation and credibility of an IP address is crucial for maintaining network security and preventing 

misuse. It involves assessing the activities and behaviour of an IP address to determine its reputation. If an IP address 

has been involved in spamming, hosting malware participating in botnets or carrying out cyberattacks its integrity can 

be compromised. By validating IP reputations organizations can effectively safeguard both their cloud and on-premises 

networks by limiting access from sources and ensuring the proper utilization of resources [1]. Typically includes 

checking the IP address against databases and blacklists that keep track of known IP addresses. It's important to keep an 

eye on the IP reputation (IPR) because it can indicate if there is a possibility of activity or compromise, by threat actors. 

By monitoring IPR organizations can take measures and precautions to either block or thoroughly investigate traffic 

from sources before any harm occurs. This helps prevent access, reducing the chances of cyberattacks and protecting 

data [2]. OpenAIs language models have the potential to enhance IPR analysis capability by automating the extraction 

and interpretation of information related to IPs from sources such as logs and natural language reports. These models 

can understand language enabling them to process reports identify incidents and detect patterns or abnormalities, in IP 

behavior that could indicate threats, while these models cannot directly access databases, they can analyze outputs from  
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APIs such as AbuseIPDB, which provides data on the IPR of IP addresses [3]. They can also help refine and improve 

cybersecurity reports by summarizing findings and offering recommendations. By incorporating these AI capabilities 

into the IPR validation process organizations can streamline their analysis. Save time and resources [4,5]. Additionally, 

the ML features of these AI models allow them to continuously learn and adapt to activity patterns. The goal of the 

project is to manage and update lists of IP addresses for protection against hackers [6]. It achieves this by retrieving and 

analyzing logs from an AWS WAF to verify the IP addresses also by combining the Abuse IP database with Generative 

AI the project aims to automate the validation process for determining IPR while promptly sending email notifications 

to report and block attackers, this system has been designed specifically for AWS accounts with options for storing logs 

[7]. The objectives include maintaining sets of IPs in AWS WAF identifying security threats, from WAF logs and 

ensuring accurate validation of IPR through advanced abuse detection methods [8]. Also, the objective of this research 

work is to streamline the process of generating real-time updates, for IPR lists and reporting. The focus is on using 

AWS WAF as a platform to efficiently fetch logs from S3 object storage buckets across multiple accounts to provide 

accurate and efficient Bad IP address prevention against form anonymous hacker attempts as well [9]. 

2. Background of Study 

2.1  The Concept of IP Reputation and Its Significance in Cybersecurity 

The concept of IPR plays a role in cybersecurity and it refers to the level of trustworthiness associated with an 

Internet Protocol (IP) address based on its behaviour score determines trust, an IP reputation score helps determine the 

likelihood of an IP address being involved in malicious activities. Cybersecurity systems rely on this score to make 

decisions about permitting or blocking traffic from IPs also in Negative IP reputations can arise from activities such as 

spamming, participating in Distributed Denial of Service (DDoS) attacks, hosting content or being part of botnets [10]. 

Understanding the significance of IPR lies in protecting networks and services from these activities. An IP address, with 

a reputation poses a security risk. By monitoring and assessing the reputation of IP addresses organizations can 

proactively block threats at the network periphery thus reducing risks to systems and safeguarding sensitive data [11]. 

2.2  Overview of The Existing Methods and Challenges in IP Reputation Validation 

The traditional method of validating IPR involves checking an IP address, against databases and real-time 

blacklists that contain records of IPs. These lists are created using techniques such as honeypots and spam traps and 

reports of behaviour, Reputation scores are then assigned based on the behaviour of the IP while introducing lots of 

challenges such as IP reputations can quickly become outdated [12]. Real-time updates are essential to stay out of cyber 

threats [13], False positives and negatives can occur, resulting in legitimate traffic being blocked or malicious traffic 

being allowed, as organizations grow, managing and validating several IP addresses can become overwhelming, 

consolidating data from sources into a cohesive reputation system can be complex and resource intensive [14]. 

2.3  Overview of The Existing Methods and Challenges in IP Reputation Validation 

 

Fig. 1. Basic OpenAI Test Analysis approach. 
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The above Fig. 1 shows, that the OpenAI models can automate the analysis of log files detect patterns that should 

indicate activity and even predict threats by using historical data while it’s integrated into cybersecurity workflows 

OpenAI capabilities can lead to improvements, in areas specialized by OpenAI, that can understand and generate text-

to-human language [15]. Also, This allows them to process and analyze amounts of data for enhancing the process of 

IPR management detail fetching by automating the analysis of IP-related data that can quickly identify threats, and with 

algorithms, false positives and negatives can be reduced [16], The AI models continuously learn from data to stay ahead 

of evolving cyber threats [17], Comprehensive and user-friendly reports are generated to assist decision making with 

supporting the combination of OpenAIs language models with real-time threat intelligence organizations can strengthen 

their cybersecurity defences [18]. 

3. Existing IP Reputation Validation Architectures 

3.1  Preventing IP Address Targeted Attacks 

One of the hardest things about cybersecurity is tracking and stopping cyber-attacks at the IP address levels which 

was solved by one of researched blacklists and tools such as Automated IP Reputation Analyzer Tool (AIPRA), which 

combined Machine Learning (ML) with geolocation data to figure out what's not relevant for regions and countries in 

usual working time range of humans. But problems such as false positives, and maintenance of the fast-changing nature 

of its enemy continue to an accurate validation process.  The challenges of existing methods, in cybersecurity, to 

prevent attacks through domains and IP addresses and it discusses approaches such that blacklists which are essentially 

databases of known threats and the AIPRA which enhances this by cross-referencing multiple blacklists and 

incorporating a weighted security measure by highlighting the application of machine learning techniques including 

incorporating geolocation data to improve the identification of entities to get easy attack vector classification. It also 

raises challenges such as the risk of positives, where legitimate domains are mistakenly flagged as threats the need for 

regular maintenance and updates to blacklists and the difficulties posed by rapidly emerging malicious domains and 

changing IP addresses that can evade detection. Furthermore, it acknowledges inconsistencies among blacklist 

databases and the considerable training time required for machine learning models due to datasets. Apart from that, 

OpenAI expertise in machine learning can have an impact on the advancement of systems such as AIPRA By involving 

cutting-edge algorithms and robust data processing capabilities OpenAI can assist in refining these models to achieve 

accuracy, in classifying IP addresses minimizing instances of positive and constantly adapting to emerging cyber threats 

[19]. 

ML can help AIPRA systems immensely while cutting-edge algorithms and effective data processing, combined 

with the optimization of models which increase accuracy while reducing false positives, keep it up to speed on new 

threats. This strengthens cybersecurity defences on IPR, while the security of the LAN The MAC and IP addresses, 

computer names, IP conflicts and MAC mismatches are most important to reduce attacks from bad IPR vectors in 

securing network traffic and assets and spoofing risk over digital infrastructure.  Such that, the spoofers forge these 

identifiers to masquerade as IPR validation systems. MAC and IP addresses, computer names, and the phenomena of IP 

conflicts and MAC mismatches are integral to understanding the intricacies of LAN security while the act of spoofing, 

where an attacker masquerades as a legitimate user by falsifying these identifiers, poses a formidable challenge to IPR 

validation systems. Traditional security infrastructures often falter in the face of such sophisticated attacks, 

underscoring the necessity for more robust and adaptive security solutions. Additionally, the capabilities of OpenAI's AI 

models emerge as a beacon of potential. With advanced machine learning algorithms, these models could revolutionize 

anomaly detection, automate network traffic monitoring, and conduct comprehensive data analyses. Such AI-driven 

systems promise not only to detect but also to predict and adapt to emerging threats in real-time, thereby fortifying the 

integrity of IPR validation processes [20]. 

3.2  Traditional Bot Traffic Tracking Techniques. 

The applications of Residential IP Proxy (RESIP) facilities are becoming more and more popular cases of web 

scraping and other criminal actions such as relocating behind the reserves of residential IPs where the detection is 

prevented. Two additional datasets indicate the functioning of RESIP where its figures are highlighted only with the 

four providers but not with differences concerning them. They suggested an operational scheme that can automatically 

compare accounts with shared characteristics. Besides, overall, five campuses undertook vulnerable RESIPs' 

investigation, showing attacked hosts and unlawful acts. This study can shed light on and address the security chances 

that this growing sector is attributed to. RESIPs, which are a new grey-area business, provide a shield from scrutiny by 

using other people’s computers in their homes to complain about illegalness and recruitment ways. Also, it proposes 

RETRO detection, a technique that captures the sequences of flows using a compromised device, raising the operational 

opacity of these services. While it optimizes a server-side detection method for RESIP connections, dropping false 

negative outcomes that result from mobile proxies.  
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Web scraping bots that hide behind Residential IP Proxy services are causing difficulties, for BOT measures and, 

also, are the advanced bots pretending to be traffic by using the IP addresses of individuals making it challenging to 

detect and block them without accidentally blocking legitimate users. Traditional IP reputation systems struggle to 

differentiate between customers and bots that exploit services to address this issue OpenAIs advanced AI models can 

play a role in developing cutting-edge detection strategies while utilizing ML to analyze network traffic patterns AI can 

identify behaviors that are characteristic of proxy-driven bot traffic. OpenAI models excel at detecting irregularities that 

may indicate the use of services from clean IP addresses. OpenAIs expertise in Natural Language Processing (NLP) 

allows them to gather information from sources and use it to uncover emerging threats and improve detection 

algorithms. These capabilities could greatly contribute to the development of systems that can distinguish between 

proxy bot traffic and genuine user interactions thereby strengthening the validation processes, for IPR [21].  

The incorporation of OpenAIs AI models, into IPR systems has the potential to greatly enhance cybersecurity 

measures and utilize ML techniques such that pattern recognition and anomaly detection OpenAIs capabilities can 

effectively navigate the changing landscape of cyber threats. The mentioned research emphasizes the importance of IPR 

in assessing risks and, also Presents a system that uses cross-protocol analysis to distinguish between malicious and 

harmless IP addresses during OpenAI models, those handling large network datasets can play a crucial role in 

improving this system by providing real-time updates on IPR thus keeping up with the agile nature of cyber threats. 

Furthermore, employing GPT models to analyze data could offer predictive insights into security vulnerabilities. 

Additionally, this collaborative approach has the potential to address challenges such as the evolution of malicious 

tactics and complexities associated with data collection for IPR [22]. 

3.3  NLP for Enhanced Threat Detection Using ML 

The growing trend of IoT-devices interconnectedness has resulted in an uptick in intrusions. IDS or IPS systems 

are a type of security solution that monitors and detects system violations [23]. Nonetheless, a holistic synchronousness 

in new developments and model limitations means that a new security framework is required. On the part of this survey 

AI techniques such as machine learning and deep learning seem as most relevant solution with hybrid design efficient 

intrusion detection/prevention emphasizing. It considers their viability, setbacks, and real-time issues. Securing IoT, 

ML and big data analytics have profound effects on it. This is where they come in. This investigates IoT vulnerabilities, 

uses ML for cyber-vulnerability assessment, and analyzes ML-based intrusion detection solutions [24]. It provides an 

example of a real-world testbed which is used for the design of IDS, demonstrating that Machine Learning is capable of 

intrusion detection in computer networks [25]. However, this study the literature on the topic of anomaly-based 

intrusion detection systems driven by ML/DL, pushing the boundaries to unleash the full potential of ML-based AI 

systems, examining open issues, and proposing evaluation benchmarks. This interactive synopsis suggests a method to 

enhance intruders' detection systems efficiency [26].  

The limitations of traditional methods, such as blacklists and intrusion detection systems (IDS). It emphasizes that 

blacklists struggle to keep up with evolving cyber threats signature-based IDS struggle to detect attacks and anomaly-

based IDS often produce false positives. Additionally, the dynamic nature of cyber threats and the complex obfuscation 

techniques employed by actors make IPR validation challenging. ML-driven approach that leverages the stability of IP 

addresses compared to URLs or domain names. By incorporating OpenAIs AI capabilities in machine learning, 

anomaly detection and NLP this proposed system aims to enhance detection precision and reduce positives. OpenAIs 

models, trained on datasets can identify patterns indicative of malicious activity. Furthermore, using learning for 

anomaly detection can uncover unrecognized potential threats while NLP techniques can provide nuanced insights, 

from data sources to enrich IPR analysis [27].  

3.4  The BlackEye IPR Framework 

Algorithms Blacklisting malicious IP addresses is an essential tool for IT systems' protection. The decision-making 

is based on looking at packet traffic data and the behavioural history of users. Still, the holding of domain experts for 

blacklisting is on but ML is on the way and just awakes to maturity. This is solved by making the BlackEye framework 

based on which the different ML methods are used accordingly to achieve superior results. The analysis shows that the 

multistage method, which is achieved by data cleansing and classification with logistic regression or random forest, 

leads to the best results. Real-world data evidenced a near-90% less incorrect blacklisting compared to the expert 

performance. By the same token, our model accelerates the time-to-blacklist, significantly cutting the lifetime of 

malicious IP addresses on average by 27 days. It can be considered a breakthrough in the process of protecting the IT 

system concerning blacklisting and redesigning the efficiency and accuracy of the system security [28]. 
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4. Case Studies and Real-World Examples 

In Table 1, the discussion of real-world data fields in artificial intelligence and cybersecurity. The listing also 

shows information like names of authors, publication year, study title, the exact page where the study was published, 

the summary of the main results, which technologies or methods were used and some who additional comments or 

remarks were made. The initial piece of writing talks about a 2021 research work, Usman et al., 'Intelligent Dynamic 

Malware Detection using Machine Learning' which was published in journal, 'Future Generation Computer 

Systems'.Comput.Syst.".  

Table 1. Case Studies for IP Reputation Validation 

Authors Year Title Publication Pages No. Contribution Technology Remarks 

Usman, N., 

Usman, S., 

Khan, F., Jan, 

M., Sajid, A., 

Alazab, M., 

Watters, P. 

2021 

Intelligent 
Dynamic 

Malware 
Detection using 

Machine 

Learning in IP 
Reputation for 

Forensics Data 

Analytics 

Future 

Gener. 

Comput. 

Syst. 

118, 124-141 

Proposes a hybrid 

approach 
combining 

Dynamic Malware 
Analysis, Cyber 

Threat Intelligence, 

ML, and Data 
Forensics for 

predicting IP 

reputation in pre-
acceptance stage. 

Machine 
Learning, Big 

Data Forensics, 

Cyber Threat 
Intelligence 

Addresses 

challenges of high 
management cost 

and false positives 

in traditional 
reputation 

systems. 

Sainani, H., 
Namayanja, 

J., Sharma, G., 

Misal, V., 
Janeja, V. 

2020 

IP Reputation 
Scoring with 

Geo-Contextual 

Feature 
Augmentation 

ACM 

Transactions 
on 

Management 

Information 
Systems 

(TMIS) 

11, 1-29 

Introduces a model 

for IP reputation 

scoring that 
includes geo-

contextual 

information for a 
more 

comprehensive 

threat assessment. 

Geo-

Contextual 
Feature 

Augmentation, 

Anomaly 
Detection 

Model 

Empirical 
evidence suggests 

combining 

network and geo-
contextual 

information 

enhances threat 
assessment. 

 

The study offers a mix of Dynamic Malware Analysis and Machine Learning with Machine Learning and Big Data 

Investigations as technical capabilities to detect the threat. The respondents zone encompasses a comment on the 

overcoming of obstacles, which include but are not limited to high management costs and the modern cyber threats. 

Every row on the table corresponds to one case study that describes artificially intelligent techniques elaborately along 

with their methods to reinforce cybersecurity. 

In Table 1 being displayed in Table 1 and include such aspects as authors, year of publishing, title of the study, and 

the name of the journal or conference to feature. For example, the initial entry of Usman and other in 2021, titled 

"Dynamic malware detection via machine learning," that was published in "Future Generation Computer Systems" is 

where they explore dynamic malware detection using machine learning. Such detailed mattering’s not only denote the 

transition and the development of the area of AI-driven cybersecurity, but also give you an overview of the team that is 

working in different disciplines to develop the cybersecurity research The precise citation of the particular page number 

is contributing to this and addresses the issue of the location of such studies in their publications. 

The "Contribution," "Technology" and "Remarks" columns are the most important in the table. Thus, these pages 

elucidate the core of the research, briefly describing the main findings, the specific tools and methods employed, and 

provide additional information to improve the understanding of the effects of the research findings. For instance, the 

initial investigation brings together a dynamic malware portrayal with machine learning to avoid high running 

management costs and processing power difficulties in data packet detection. This form of blending captures the 

inherent problem-solving nature of these cybersecurity experts while tackling complex cybersecurity challenges. 

Through the investigation of these three main features, the table not only provides current research trends understanding 

but also suggests the future trend of AI application in cybersecurity area highlighting the fact that the invention must be 

continuously developed, and the interdisciplinary collaboration has to be maintained in this fast-changing field study. 

5. Capabilities and Limitations 

5.1  IPR Validation and Prevention Using ML 

A list of malignant IP addresses must be compiled to prevent informational systems from being infected. This is 

the case now due to high reliance on human factors. The recent development has provided an answer to this picture 

through BlackEye's machine learning capacity. According to research, the steps of data refinement and division result in 

improving the list of blacklisting by logistic regression or Random Forest that brings the ratio of undesired blacklist 

down to 15%. Besides, the reason why Ridge regression is used to clean up data to increase the accuracy by 5% is also 

evident. BlackEye performs autological learning on any log type, above all increasing the preciseness of match and 
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narrowing down the blacklisting process. The remaining tasks in the given process are performing deep learning for 

such purposes [29]. 

5.2  IPR Validation of Public Databases using ML 

The mere fact that a blacklist has some efficiency is not enough to not consider its weak sides, for instance, false 

positives and out-of-date data. One of the reasons for the development of AIPRA is to overcome these issues. The 

application tool, in turn, finds out what is known about domains and IP addresses, by checking the domains for several 

of the most common indexes. Following this, the AIPRA assigns the weights to the probability of misconduct that is 

linked to the URLs, for instance. Moreover, an area involving a geolocation-based machine learning algorithm has been 

added as a part of the AIPRA superpower, which expands its ability to highlight hazards. It has been found through our 

research that there is NO AIPRA name on the public blacklists lists at all [30]. 

Table 2. Review Table 

Work Source Author Pages Contribution Technology Remarks 

Automatic IP 
Blacklisting Using 

Machine Learning 

from Security Logs. 

 
 

 

Journal 

Article 

D. Jeon and 

B. Tak 

 
 

 

 

p937-948 

an automated IP 

blacklisting 

framework using 

machine learning 

techniques. 

Logistic regression 

and random forest 

Machine learning, 

logistic regression, 

random forest. 

Significant reduction in incorrect 
blacklisting and reduced activity 

period of malicious IPs and 

Machine learning models can 

approach the accuracy of 

experienced agents, reducing 

reliance on human judgement. 

IP Reputation 

Analysis of Public 
Databases and 

Machine Learning 

Techniques. 

 
 

 

Journal 
Article 

J. L. Lewis, 

G. F. 
Tambaliuc, 

H. S. 
Narman, and 

W. S. Yoo, 

 
 

 

p181-186 

Development of the 
Automated IP 

Reputation 

Analyzer Tool, 
which cross-checks 

multiple blacklist 
databases and 

assigns security 

scores to domains 
and IPs. 

Use of blacklist 
databases, possibly 

neural networks, 
decision trees, and 

logistic regression 

machine-learning 
techniques 

Addresses issues with traditional 
blacklists, such as false positives 

and maintenance/updating 
challenges. 

A New Local Area 

Network Attack 

through IP and MAC 
Address Spoofing. 

 

 

 
Journal 

Article 

S. Shaw and 
P. 

Choudhury 

 

 

 
p347-350 

a new attack 

method for gaining 

unauthorized 
internet access in a 

LAN by exploiting 

IP and MAC 

address spoofing. 

Specific software 
tools for spoofing 

such as Advanced 

IP Scanner and 
MAC Address 

Changer. 

Discusses motivations for 

spoofing attacks such as financial 

constraints and the need for 
higher bandwidth. The feasibility 

of the attack relies on knowledge 

of user IDs and default LAN ISP 

passwords. 

Detect Malicious IP 

Addresses using 
Cross-Protocol 

Analysis 

 

 
Journal 

Article 

Y. Huang, J. 

Negrete, A. 
Wosotowsky 

et al. 

 

 
 

p664-672 

Development of a 

large-scale 
classification 

system using cross-

protocol telemetry 
for IP reputation 

assessment. 

Decision trees and 

random forests 
Machine learning 

models, cross-

protocol telemetry, 
real-world IP 

reputation system. 

Challenges include a lack of 

labeled data, the high cost of 
false positives, dynamic nature 

of IP reputation. 

Detecting malicious 

websites by learning 
IP address features 

 

 
 

Journal 

Article 

D. Chiba, K. 
Tobe, T. 

Mori, and S. 

Goto 

 

 
 

p29-39 

Development of a 

machine learning-

based detection 
scheme for web-

based malware. 

Supervised binary 

classifiers such as 
the logistic 

regression 

model, neural 
network, Naive 

Bayes classifier, 
and support 

vector machine. 

Emphasizes the adaptability of 

attackers and the limitations of 
current detection methods. 

5.3  MAC Address Spoofing LAN Attack Validation 

LAN unit is challenged more in terms of the speed of transmission security and overall networking capabilities. It 

constitutes the fact that new threats find a specific way to keep the inmate in fear and be always observant. Thus, one of 

the methods of exploitation, put into practice by the doctors mostly and reversely acting as such users perfectly illegally, 

is their making a connection of their resources to the internet through the LAN with the help of avoidance of its security 

measures at all. A resolution could be the investigation of the case and if the offender is caught to face suiting up and 

finally be put behind bars or MAC Address changer/Advanced IP Scanner and the elimination of the culprit at the roots. 

Such as MAC addresses, which can be seen to be blocking external damages, and not exposing IP addresses, which can 

be used in avoiding any form of unauthorized access Two primary factors of the limited amount of money and time may 

be influenced by the forged attacks of the kinds that take place because of account IDs and default ISP passwords 

exploitation [31]. 
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5.4  Detecting Malicious IP by Cross-Protocol Analysis 

The trust reputation system is based on actual data that also arranges the ML to be comprehensive. The results are 

promising according to the strong relationship between browser extension and email service. The importance of the 

algorithms which make this phenomenon possible cannot be understated, and this makes adequate protection from 

malicious sites a top priority. For security the source code is obfuscated, and encrypted in the same common IP 

reputation key, across different providers; as well as pre-processing is done, and the feature combination is done in a 

new way. An understanding of such as False Positives and the false negatives issue follows from an analysis of errors 

and explainability as well. Besides figuring out the network IP data through port 53, it will be more efficient to take an 

incremental view of the model and tend toward making the model more flexible. Although they could overcome this 

disadvantage by fine-tuning large models on small amounts of data, there might be other issues prohibiting the labelling 

of low data. Another dilemma is the fact that the reputation of investors will be the same as audience patterns as they 

get older too [32]. 

5.5  Detection of malicious traffic by learning IP Reputation 

Embracing flexible and scalable solutions in machine learning comprises their lightweight approach that does not 

change the existing methodologies. Using the list of IP addresses of unsolicited email attacks and traffic of campus 

network as input, the method of our study higher than other present approaches is further. Good sites are tagged as 

harmful and bad sites are tagged as malicious, yet the unknown ones are overlooked and therefore, the attacks carried 

out by these sites continue. Nevertheless, this convenience of harmless identification of such areas on the common 

hosting might, in turn, result in needed re-profiling to promote better results. While the intelligence agencies strive to 

gain the upper hand, it is the adaptability and constant evolution of the attackers that is the core challenge. Moreover, 

the defences are powerless in the hunt for the unknown [33]. 

6. Methodology 

6.1  Methodology for IP Collection 

Fig.2 IP Collection sections show that the process of gathering data involves collecting IP addresses from sources, 

including server logs, user reports and external threat intelligence feeds. Once collected an initial filtering step 

categorizes these IP addresses based on predefined criteria such as trusted, suspicious, or unknown to optimize resource 

usage for analysis a deduplication strategy ensures that each IP address is processed individually. The enrichment phase 

then enhances the IP addresses by adding contexts such as geolocation information, ASN details or historical behaviour 

to facilitate comprehensive evaluation while it is maintaining effectiveness over time regular updates and maintenance 

are necessary to incorporate entries and adjust the status of existing IPs in the database. Also, integration, with system 

components, is established to enable real-time updates and alerts for newly discovered or high-risk IP addresses creating 

a strong and responsive framework. 

6.2  Methodology for Reputation Checking 

Fig. 2 shows the process starts by checking IPR addresses against the AbuseIPDB API to gather up-to-date 

reputation data for analysis it has created a scoring algorithm that assigns reputation scores to the IPs considering both 

the seriousness and frequency of reported incidents to ensure accuracy and, it examines data for each IP address to 

identify patterns and changes in behaviour that might impact its reputation score to get and implement decision logic 

based on these scores to determine what steps should be taken next such as whether to escalate for investigation and 

activate automated defences while establishing a feedback loop that continuously improves the reputation-scoring 

process by learning from actions and decisions . 

6.3  Methodology for Log Analysis 

Fig. 2 shows the first step is to analyze the logs generated by AWS WAF and extract IP addresses and relevant 

metadata after that, we use algorithms to detect anomalies and identify patterns that may indicate security risks while 

correlating this data with IPR information, gaining a rounded understanding of threats. It also performs analysis to 

uncover emerging threats that may not be immediately apparent, ensuring a comprehensive view of security. This 

system generates reports as well as event-triggered reports providing actionable insights to security personnel for 

informed decision-making in the event of potential security incidents. 

6.4  Methodology for Communication 

Fig.2 Notification templates are carefully designed to be personalized for scenarios ensuring that the messages sent 

are easily understandable and prompt the required action while the system determines who should receive these 

notifications based on the seriousness of the alert and the roles of the recipients to protect these communications 

measures, such that encryption and authentication are put in place to ensure that the messages remain confidential and 

intact. The system is also designed with resilience and redundancy features so even if there are system failures 
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notifications will still be delivered without any issues. Additionally, automated response protocols are established to 

respond to alert types by taking immediate actions such as updating firewall rules and isolating compromised systems to 

enhance security without any delay. 

 

 

Fig. 2. Methodology 

7. Algorithms Applied in the Solution 

Incorporating the AI technology developed by OpenAI into the existing security algorithm brings a new level of 

potential which is started with the algorithm extracts configurations, helps in interpreting and understanding settings 

reducing errors and optimizing system setup while the secure retrieval of credentials through AWS Secrets Manager 

remains unchanged ensuring adherence to security practices. The next phase involves leveraging OpenAIs GPT for log 

analysis while the AI analyzes AWS WAF logs with an understanding of context enabling it to identify patterns and 

threats that might be missed by traditional rule-based systems. When it comes to interacting with the AbuseIPDB API, 

OpenAI models automate queries, assess responses, and refine the process of evaluating IPR addresses to give support 

and lead to an approach to managing threats. Additionally, AI generates human text to help transform data into 

actionable intelligence, making decision-making on IP blocking more efficient. The integration of AI also proves 

beneficial in error handling. By utilizing OpenAIs language models the system can diagnose issues, interpret error logs 

accurately and provide solutions for resolution. This proactive mechanism significantly reduces downtime. Improves 

system reliability. Furthermore, communication, within the algorithm is revolutionized through AI-generated email 

summaries by using terminology individuals receive clear and concise summaries of WAF activities that have been 

carefully crafted by GPT while improving the clarity and efficiency of security updates. 

8. Experimental Setup 

The IP Collecting module in the above Fig.3 explains that the IP Collection module plays a role in the IPR 

validation mechanism, and it gathers information from sources, such as network logs and external feeds to maintain an 

up-to-date list of IPs. These IPs are then categorized based on whether they belong to customers, internal systems or 

facing networks and while doing this targeted categorization the module ensures validation, removes any duplicate 

entries and to streamline the process further the module filters out known IPs [36]. Whitelisted ones before conducting 

reputation checks. This pre-filtering step makes subsequent checks easier and more effective, and the module also keeps 

a repository updated with the data acting as the system’s primary source of accurate information. Scheduled updates 

ensure that the module remains current and relevant. Additionally, its integration with systems allows for real-time 

response to threats and it enhances IP data by providing details such as geolocation information and historical behaviour 

patterns enabling analysis that is designed to handle large volumes of IPs efficiently the module is scalable and employs 

parallel processing techniques along with optimized data structures for optimal performance. The fault tolerance of this 
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module is crucial for ensuring functionality within the IPR validation during outages or errors in data sources, it 

continues to operate. 

 

 

Fig. 3. Experimental Setup 

The IPR validation module is shown in Fig.3 shown, The Reputation Checking component, which is a part of the 

IPR validation framework connects with AbuseIPDB to evaluate the reliability of IP addresses by analyzing their 

reputation scores and historical data. It carries out queries, in bulk efficiently processing batches of IP addresses and 

retrieving abuse reports from AbuseIPDB. These reports provide information about the types and frequencies of 

incidents associated with each IP address. This valuable data allows for the assignment of nuanced IPR scores to IPs 

reflecting risks based on incidents. A sophisticated algorithm implemented in this component can distinguish the 

severity of incidents. It prioritizes offences such as DDoS attacks over ones such as spam and adjusts risk scores 

accordingly. These scores are customizable to align with an organization’s risk profile while tracking the reputation of 

IPs over time. This component can identify patterns or trends that may indicate IP addresses turning malicious or 

undergoing rehabilitation. It interprets reputation data to make decisions, such as updating firewall rules or flagging IPs 

for review. The system continually evolves through a feedback loop process that learns from past decision outcomes to 

improve assessments. If a blocked IP address is found to be safe or an allowed IP address causes trouble this 

information helps recalibrate the scoring process. The module has been designed while considering AbuseIPDBs API 

limitations and includes features such as rate limiting and retry strategies to prevent the use of services. 

The Log Analysis module is shown in Fig.3, The Analysis component functions, as the unit within the IPR 

validation framework. Its role is to examine data from WAFs and extract information such as IP addresses, timestamps, 

and request details from WAF logs. By cross-referencing this data with reputation information obtained from 

AbuseIPDB the module refines reputation scores based on behavior patterns. Utilizing algorithms, this module can 

identify activities by detecting anomalies and patterns that indicate malicious behaviour. It looks for indicators like 

repeated failed login attempts and known attack signatures using both techniques and machine learning methods to stay 

off emerging threats. One of its strengths lies in its ability to uncover slow-paced attacks by analyzing data trends over 

time allowing for early intervention. In addition to analyzing WAF logs, this module integrates the findings with server 

logs and intrusion detection systems to provide a view of network interactions. This integrated approach assists incident 

response teams in dealing with security incidents. The design of this module ensures scalability by processing volumes 

of log data through optimized pipelines utilizing big data technologies. It generates reports that highlight activities, for 

compliance purposes auditing procedures and security policy development. The detailed analysis of WAF logs 

significantly enhances IPR validation efforts reinforcing the security framework of an organization.  

The IPR Communication module shown in Fig.3 serves as the hub for alerting in the IPR validation to inform 

stakeholders, such as network administrators and security analysts, about any issues related to IPR reputation. This is 
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achieved using SMTP, which enables tailored notifications to be sent out whenever threats are detected by the 

reputation checking and log analysis modules. This module offers flexibility and intelligence by allowing alerts to be 

configured based on varying levels of urgency. Whether it’s providing summaries or immediate warnings the alerts can 

be customized to match the threat level associated with an IP address. The email templates used for these notifications 

can also be personalized to include information about IPR scores, related traffic incidents and recommended actions. 

The integration of data from modules ensures that communication is not only informative but also actionable. 

Furthermore, the Communication module automates incident responses like updating firewalls or isolating systems to 

swiftly mitigate threats. Security is a priority sensitive data is protected through encryption and authentication measures. 

Also, to ensure the delivery of messages, in cases of communication disruptions this module features queuing 

capabilities and fallback options. It acts as a communication backbone that guarantees threat information reaches the 

appropriate parties promptly. Ultimately this facilitates decision-making processes that are both effective and efficient. 

9. Outcome and Results 

9.1  Sample section of validated data 

Table 3. shows the results of the main solution using a framework, for validating IPR has conducted an analysis on 

the dataset provided in the Report which was auto generated by the solution to evaluate the reliability of reported IP 

addresses. Our process involved gathering report data and assigning reputation scores to each IP address based on 

factors such as the number of associated reports, recency of the report and abuse confidence rating. While it enhances 

this scoring system, we cross-referenced our dataset with established whitelists and blacklists to ensure that none of the 

high-risk IPs had been previously classified as safe.  

During our examination of traffic behaviour, we discovered a correlation between reported IPs and malicious 

activities such as port scanning and brute force attacks. IP Abused DB API Models trained these IPs as high risk 

through a perfect abuse confidence score aligning with this dataset’s ratings this is to ensure up-to-date accuracy we 

integrated real-time threat intelligence feeds while validating findings against global security incidents including The 

final validation of our solution has showcased a massive success rate, in identifying IP addresses highlighting its 

effectiveness in proactively detecting and addressing cyber threats originating from suspicious IP address such that its 

comprehensive analysis is supported by techniques and threat intelligence emphasizing the strength of our approach. 

Table 3. Sample section of validated final test data 

aws 

account 

id 

region ip address 
total 

reports 
usage type isp 

abuse 

confidence 

score 

is 

white

listed 

breach details 

xxxxxx ap-southeast-1 106.75.177.81 10 

Data 
Center/Web 

Hosting/Tra

nsit 

Shanghai 

UCloud 
Information 

Technology 

Company 
Limited 

31 0 

The IP address 

106.75.177.81 is 
located in China. It is 

assigned to Alibaba 
Cloud and is likely 

being used by a server 

or network device. 

xxxxxx ap-southeast-1 103.72.217.126 3 
Fixed Line 

ISP 

Soibam 
Technology 

Private Limited 

13 0 

The IP address 
103.72.217.126 is a 

public IP address that 

is assigned to a device 
on a network. This IP 

address is used for 

communication and 
identification purposes 

on the internet. 

xxxxxx ap-southeast-1 
104.131.170.15

0 
0 

Data 

Center/Web 

Hosting/Tra
nsit 

DigitalOcean 

LLC 
0 1 

The IP address 
104.131.170.150 is 

assigned to a server or 

device on the internet. 
It is a public IP address 

and can be used to 

identify the location 
and network of the 

device it is assigned to. 

9.2  Top Reported Domains Illustration 

Fig. 4 pie chart shows how abuse reports are divided among the five domains that have a confidence score of 100 

indicating a level of certainty in the accuracy of the reported abuse. This information is especially important for 

cybersecurity and network management professionals as it highlights domains that are frequently associated with 

behaviour or malicious activity. Each segment of the chart represents a domain with a confidence score drawing 

attention to areas that require intervention or monitoring. By examining the pie chart stakeholders can easily identify 
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which domains are most involved in these reports that need investigation or action while maintaining the clear visual 

representation of the chart allows for an understanding of how reports are distributed across these high-risk domains. 

 

 

Fig. 4. Top Reported Domains 

9.3  Top Reported ISPs Illustration 

Fig. 5 is a bar graph that presents a comparison of the number of abuse reports associated with the top five Internet 

Service Providers (ISPs) for entries that have received a full confidence score of 100. The vertical bars represent the 

quantity of reports for each ISP allowing for an examination to identify which ISPs are linked to the volumes of verified 

abuse reports. This visual representation holds importance for network administrators, regulators, and security teams as 

it can indicate which ISPs may be hosting several individuals engaging in abusive or malicious activities as evidenced 

by their high confidence scores. It assists in identifying any patterns or trends within the data, such as whether specific 

ISPs have a high number of abusive IP addresses. This information could imply that these ISPs should strengthen their 

monitoring and security measures to reduce the risk associated with hosting activities. These charts serve as tools for 

making data-informed decisions and prioritizing cybersecurity resources. They condense datasets into understandable 

visuals offering clear insights into areas where network abuse is most concerning and reliable. 

 

 

Fig. 5. Top Reported ISPs 
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9.4  Validated IP Abuse Score 

Fig. 6 shows that the DB API models were ratified to be IP Abused, Plotting the virtual curve of Abuse Confidence 

Score that began with 80 and ended with 100 proves that our reporting system is intensified with the passing days. 

Confidence of reports increases especially from credible sources. This rises very possibly because the algorithm relates 

more highly to reported unusual IP addresses, severe admins taking greater weight. IPs with the high risk may end up 

with a loop of additional monitoring when the system fails to achieve a good level of attack-reducing mechanisms for 

these IPs. Organizations, with a cushion effect, may opt for such formulas that give higher results to the IP nearing the 

maximum with the scores being concentrated at the top end, or 100, signifying a strong consensus about the risk of a 

given IP. Therefore, it is expected that the frequency of scores at the upper end of the scale will rise sharply. 

 

 

Fig. 6. Abuse score. 

9.5  AWS WAF IP-Deny List for Blocked IP Address 

Fig. 7 shows that an automated IP was blacklisted by The IP Reputation validation system accurately minimizing 

False Positive IP blocking to allow legitimate services not been getting blocked by the AWS WAF in the corresponding 

IP List section.  Also, this solution successfully blocks these kinds of bad attacks by bad actors and automatically 

blacklines all relevant addresses based on machine learning-in effectively, those related to checking ML-Driven 

signatures verification process while the solution uses the IP-List section of AWS WAF to automatically blacklist 

attacks from bad IP addresses. 

 

 

Fig. 7. Blacklist over AWS WAF 
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10. Discussion 

The solution showcased exhibits significant advantages, in the realm of cybersecurity operations and It streamlines 

the process of validating IPR, which is crucial for network security while connecting with AbuseIPDB the framework 

accesses a database of abuse reports related to IP addresses ensuring that its assessments are based on up-to-date 

information. With AbuseIPDB integration, the framework can get the sport of assessments done from the basis of 

reports of abuses related to IP addresses, the responsibility of being updated to comply with the information of those 

reports always lies with the framework. It is the capability of the solution to retrieve, and structure analyzed data 

responses that are praised since it helps analyses and integrates other systems to accomplish the whole process as well. 

Furthermore, its ability to gauge and cater to IP address volumes is the key point here, as to the extent IPs originate the 

threats, IP addresses can be fed into the automated IP monitoring system. 

Along with all the other advantages of the solution, one should not skip mentioning the compliance with widely 

accepted best practices, specifically, adhering to rate limits given that the interactive with the third-party APIs is 

occurring. This helps the organization maintain its long-term service relationship and keeps the consumers using the 

service in line with the prescribed usage policy. The effective communication of technological assistance able with 

empathy and thoughtfulness is another factor. Also, it is apparent that the integration of OpenAI services into the 

framework could make AI-driven analysis and decision-making possible, at least as described in the information 

provided that is not completely clear. While it is creditable to have certain advantages, the solution still comes along 

with some shortcomings that may cause detraction from its efficient implementation. The major issue will be the overly 

simplistic way the algorithm deals with API rate limits, what may further delay the response, and this may not be ideal, 

particularly if I have many IPs whose access to the network must be managed. Also, if I must handle many IP addresses 

during the peak moments of network it is very hard to handle such kind of delay. There could be a case where 

bottlenecks will become a stumbling block for these organizations that do not have prompt enough responses to such 

threats. 

Also, weaknesses of the error handling mechanism are another problem to be clarified. It fails to conveniently log 

on both emergencies and normal errors while the solution is not very sophisticated in terms of dealing with a different 

type of API errors. An important weakness is the main role of the AbuseIPDB database; in case this database isn’t 

available, the system’s capability to check and evaluate IP reputations will fail, leading the network to be open to threats. 

This data dependence indicates the need for resilience in the drawn solution. For instance, the issues of the IPR 

validation method need to be considered when primary data sources are not available. One of the ways can be the 

employ of alternative reputation services, based on heuristic analysis or on the cached data. Integration issues 

prevention is not less critical if the solution is to be used in practice and is planned for the real applications. Developing 

more mature error handling and response techniques, designing plan B in case data sources do not work, and optimizing 

the solution to process large amounts of data effectively are the key points that should be refined. Moreover, providing a 

vivid illustration of the integration of OpenAI services in addition to highlighting the role of AI-driven abilities making 

the solution as robust and useful as possible for complex cybersecurity scenarios is also an important element of our 

work. 

11. Future Work 

The process of feature engineering involves creating characteristics, from raw data to enhance the classifiers’ 

ability to differentiate between harmless and malicious IP addresses while achieving this, we will examine reports of 

abuse, traffic patterns and other relevant metadata to identify traits that strongly correspond to activities such that for 

instance, This project will consider factors such as the frequency and recentness of attacks associated with an IP address, 

the variety of services targeted and the consistency of the origins of the traffic. Also, after transforming data into 

insights our model will become better at detecting sophisticated cyber threats. Additionally, it will utilize feature 

selection algorithms to remove redundant characteristics to optimize the classifiers’ efficiency while reducing overhead 

to the IPR validation process to enable better focus on the most informative attributes to enhance this set of features, on 

the Random Forest (RF) model will be able to provide accurate and timely evaluations of IP reputation [34].   

The RF classifier remains up to date and effectively integrating real-time data streams is an aspect of IPR detection 

work. This integration entails subscribing to threat intelligence feeds that provide up-to-the-minute information, on 

emerging threats and recent behaviours associated with IP addresses while analyzing real-time data the model will adapt 

to the changing landscape of threats ensuring that its evaluations of IPR are based on the up, to date information 

available. This dynamic approach allows for a defence strategy foreseeing and responding to threats as they emerge to 

handle a volume of data while maintaining the model’s performance ensuring that the speed of validation does not 

compromise the accuracy or responsiveness of the system [35]. 

Also, the real-time data will not be used for evaluations but will also contribute to refining future predictions 

through training the model while this continuous learning process is crucial for maintaining an updated and effective 

cybersecurity defence mechanism. In future, the solution will optimize the model to efficiently handle datasets without 

compromising its performance. This optimization will ensure that the model can scale effectively as the volume of IP 
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reputation queries increases while minimizing response time, which is crucial for real-time applications by Adjusting 

the configuration of the RF model to ensure it can quickly process queries while maintaining a level of predictive 

accuracy to safeguarding cybersecurity infrastructure [36]. The future ensemble models will go through cross-validation 

to make sure they are dependable while gathering predictive information will be utilized to improve security protocols 

strengthening the resilience of the system against cyber threats such that a comprehensive method of validating IPR 

guarantees that the cybersecurity solution remains strong and efficient, in countering types of threats. 

12. Conclusion 

In conclusion, this paper presents an approach for real-time validation of IPR that harnesses the power of AI and 

ML. Also, with cyber threats becoming increasingly complex it is vital to have mechanisms in place to ensure network 

security. Validating IPR is an aspect of this effort while the proposed solution addresses the challenge of assessing the 

credibility of an IP address by utilizing AI models developed by OpenAI, which automate data extraction and 

interpretation based on this research it has found that integrating AI capabilities related to NL processing and ML 

significantly improves accuracy in identifying and responding to threats. By employing algorithms such as regression 

and random forests along with data cleansing methods we have observed a decrease in false positives during 

blacklisting processes as well as a notable reduction in the active duration of malicious IPs. The significance of this 

framework lies in its potential to revolutionize cybersecurity. Also, automating security log analysis and strengthening 

the validation process of this solution not only streamlines workflows but also enhances the reliability of security 

infrastructures. The learning and adaptive features embedded within AI models ensure that the system evolves 

alongside changing patterns of cyber threats. 
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