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Abstract - The rapid development in the complexity and size of insurance fraud, especially in policy issuance and in 

processing claims, challenges the global insurance industry significantly. Existing rule-based and manual methods of 

detection cannot be used to identify new patterns of fraud and thus lead to losses, inefficiency in operations, and low trust 

in policyholders. This paper discusses the prospects of efficient employment of artificial intelligence (AI) in improving the 

detection of fraud and the enhancement of policy integrity within the insurance lifecycle. Our proposed AI-based model 

involves a combination of supervised and unsupervised machine learning, deep learning, anomaly detection, and natural 

language processing (NLP) activities that can be used in detecting and countering known and emerging fraud scenarios. 

A modular architecture of the system is developed, including real-time detection, feedback provision to update the model, 

as well as an ease of interjection with policy management systems. Experimental analyzes with a benchmark fraud dataset 

prove the supremacy of AIs on accuracy, precision, recall, and F1-score, with better performance by using the AI models, 

especially neural networks and ensemble methods. Besides that, we provide some ethical considerations, privacy 

compliance, and the importance of explainable AI (XAI) in establishing transparency and trust in automated decision-

making models. Also considered are its future courses, such as the integration of blockchain technology for record-

keeping that cannot be altered and smart contract automation. In this study, the transformative power of AI in terms of 

guaranteeing the security of insurance operations, enhancing the accuracy of detection, and futuristic fraud prevention 

tactics to make them proactive and scalable is highlighted. 

 

Keywords - Fraud detection, Claims fraud, Machine learning, Deep learning, Anomaly detection, Natural language 

processing, explainable AI. 

 

1. Introduction 
For example, AI may examine disparities in application data, repetitive usage of fake document templates, or questionable 

claim activity about historical patterns. The technologies will not only increase detection rates but also reduce the number of false 

positives, leading to improved operational efficiency and a better Insurance fraud is a persistent and evolving challenge that the 

global insurance industry faces, costing billions of dollars annually. It appears throughout the insurance cycle, such as when 

providing false information during policy issuance to fabricating claims to obtain excessive compensation. The conventional 

methodologies for detecting fraud, i.e., manual reviews and rule-based systems, are becoming less effective as complex fraud plans 

capitalise on process lapses, outdated systems, and silos of information. Such drawbacks prevent insurers from standing by their 

policies, protecting customer confidence, and achieving sound financial stability. With artificial intelligence (AI), there is an 

immense possibility to detect and prevent fraud faster, more precisely, and at scale. [1-3] Through the application of machine 

learning (ML), natural language processing (NLP), pattern recognition algorithms, and other appropriate methodologies, AI 

systems can detect anomalies and suspicious patterns that might not be evident to human reviewers. Customer experience. This 

paper outlines how AI can be leveraged tactically to enhance fraud detection in policy issuance, as well as in claims processing. 

We analyse the architecture of the AI-based fraud detection software systems, note important case studies in terms of industry 

deployments, and comment on the quality of data, bias in the algorithm, and interpretability. Ultimately, this study will provide 

evidence on how AI can enhance the policy process by ensuring greater integrity, thereby promoting compliance with regulatory 

and ethical norms. 

 

2. Background and Related Work 
2.1. Overview of Fraud in Policy Issuance and Claims 

Insurance fraud remains one of the most pressing concerns for the global insurance sector. It not only harms the financial 

execution of insurers [4-6] but also undermines consumer confidence and the integrity of the insurance system. Depending on the 

lifecycle stage at which it exists, fraudulent activity may occur with great frequency during the insurance policy issuance phase and 

the claims processing stage. Types of fraud that occur during policy issuance include lying about personal or risk-related 
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information, submission of doctored documents, and identity theft. The last growing concern is the utilisation of ghost brokers, 

unlicensed intermediaries who sell fake or invalid insurance policies, thereby exposing policyholders and creating liability for 

insurance companies. 

 

Fraud involves exaggerated or fabricated losses, falsified records, staged accidents, and claiming to have events that never 

actually happened during the claims process. These fraudulent activities result in increased losses for insurers and higher premiums 

for honest policyholders. The Insurance Regulatory and Development Authority of India (IRDAI) Guidelines 2024 define five 

broad categories of fraud, namely internal fraud (committed by staff or management), fraud through channels of distribution 

(committed by agents or brokers), policyholder fraud, and third-party fraud. Such categorization indicates the diversity of fraud in 

insurance operations. An industry-wide survey in 2024 revealed that almost three-fourths of insurers had noted consistency or an 

increase in fraudulent situations, and a significant number admitted that although technology was being exploited to introduce 

more sophisticated fraud projects, it had also provided effective tools to identify and prevent them. It is also worth noting that in 

2024 alone, Allianz UK reported detecting more than 33,000 fraudulent activities, with most of them being detected during the 

claims process a factor that further strengthens the need for implementing effective and scalable anti-fraud solutions. 

 

2.2. Traditional Techniques for Fraud Detection 

Before the advent of AI, healthcare providers mostly used traditional techniques that focused on experience in detecting fraud. 

Manual assessment and manual auditing were among the most common methods in which claims adjusters would intervene in 

analysing the validity of cases, utilising their training, intuition, and investigative capacities. Such approaches typically involved 

field visits, desk inspections, and interviews with policyholders. Such methods, although effective in some instances, are 

subjective, which in itself means that they are prone to human error, more so in cases where there are high numbers of claims. 

Besides, carriers installed rule-driven systems that marked some claims as fitting a definite set of standards commonly known as 

red flags. This involved irregularities, such as the filing of value claims that are higher than normal soon after the policy is issued, 

or a series of claims in a very short time.  

 

Rule-based systems offer some benefits in terms of weeding out questionable cases, but they are too inflexible, and 

sophisticated fraudsters can circumvent them once they learn the thresholds. The traditional approaches to anti-fraud also included 

random checks and the use of Special Investigation Units (SIUs). SIUs conducted extensive investigations and leveraged their 

expertise to resolve complex fraud cases. These resources, however, are limited and cannot reasonably review all transactions. 

Moreover, conventional systems are notorious for their high false positive rates, which wrongly supply valid claims to customers, 

resulting in delays in claims processing and dissatisfaction among customers. Such shortcomings highlight the importance of 

having more adaptive, scalable, and intelligent fraud detection systems that can match the complexity of modern insurance 

practices as well as their volume. 

 

2.3. AI and Machine Learning Approaches in Fraud Detection 

The insurance market has also undergone a significant shift in fraud detection, driven by the adoption of artificial intelligence 

(AI) and machine learning (ML). AI technologies have the ability to process large and heavy volumes of data stored in both 

structured and unstructured formats, which is far beyond human capability. Using past claims data, ML algorithms can detect 

anomalies and patterns that may be linked to fraud. Such occurrences occur when variables are combined in an unusual way, when 

different persons or groups of persons repeat claims made by one person or group, or when there is inconsistent documentation. 

The use of AI in real-time fraud identification can be listed among the most influential applications. The models available through 

machine learning can process and score incoming claims as received, calculating the risk score in real-time and providing risk 

indicators that require greater scrutiny. This offensive tactic not only aids in avoiding financial losses but also accelerates the 

processing of non-fraudulent claims. As a sub-discipline of AI, Natural Language Processing (NLP) is critical in extracting 

meaningful information (data) out of free-text data sources, which can include adjuster notes, police reports, or customer emails. 

NLP algorithms can identify suspicious language patterns, narrative inconsistencies, or repetitive phrases within unrelated claims. 

 

The learning that is used is both supervised and unsupervised. Supervised learning is a form of training where models are 

trained using labelled data, such that annotations of existing fraud cases are known, potentially assisting the machine in identifying 

them in the future. The unsupervised learning, in turn, enables the system to recognise new fraud schemes without prior 

knowledge, providing flexibility in response to changing threats. Current trends indicate that AI can be utilised to identify complex 

risks, including synthetic identities, image manipulation, and document forgery. For example, OCR (Optical Character 

Recognition) and NLP may be able to identify discrepancies between a scanned copy of a claim form and determine whether it was 

tampered with digitally. Nevertheless, some problems persist, especially when it comes to the privacy of the data, minimising 

algorithm biases, and interpreting AI decision-making for regulators and interested parties. However, AI implementation in fraud 

detection processes promises considerable gains in efficiency, accuracy and cost reduction in the insurance sector already. 
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3. AI Techniques for Policy and Claims Fraud Detection 
3.1. Machine Learning Models (e.g., Supervised, Unsupervised, Semi-supervised) 

Modern insurance solutions that detect fraud using AI rely mostly on machine learning (ML). ML models are trained on 

historical data to identify patterns and give predictions for novel data. [7-10] There are three main classes of ML models used in 

fraud detection: supervised learning, unsupervised learning, and semi-supervised learning. A supervised learning technique is the 

most widely adopted methodology when labelled data sets are available. When used in the detection of fraud, this means that the 

algorithms are trained based on historical data of past claims that have already been established as either fraudulent or genuine. 

Decision trees, random forests, support vector machines (SVM), and gradient boosting are common applications of this type of 

training to new cases. Supervised learning has the important advantage of being highly accurate and interpretable as long as there is 

adequate historical data. Unsupervised learning, on the other hand, is employed in cases where data is not labelled or is limited. 

Such models as k-means clustering or isolation forests are based on identifying outliers or other unusual patterns in the data that do 

not correspond with expected behaviour. Unsupervised models, especially, come in handy for detecting new fraud techniques that 

are not met or unmet, as in previous datasets. Semi-supervised learning takes a middle ground between the two methods by 

utilising both a small number of labelled data and large unlabeled data. This can be particularly useful in the real-world insurance 

environment, where it is inefficient to label any data. Semi-supervised approaches achieve better performance in detecting frauds 

compared to supervised methods, particularly when there is limited labelled data, by leveraging the flexibility of unsupervised 

methods combined with the appreciable accuracy of supervised models. 

 

3.2. Deep Learning for Complex Fraud Patterns 

Deep learning is a subset of machine learning that can help immensely in identifying complex and subtle patterns of fraud that 

are not observed using conventional models. Such neural networks, including those like neural networks, convolutional neural 

networks (CNNs), and recurrent neural networks (RNNs), have been found to automatically learn hierarchical representations 

using raw data and can be applied to either structured or unstructured data. Deep neural networks (DNNs) find non-linear 

correlations between variables in multi-factor data sets in cases of detecting fraud. These models can perform well when fraud 

destinations are hidden in massive, multidimensional data sources that are difficult to analyse using traditional models. For 

example, RNNs and long short-term memory (LSTM) networks can be applied to study sequential records, such as the order of 

claim filing or customer communication, allowing the system to identify temporal fraud patterns and recurrences over time. Also, 

an unsupervised deep learning method (autoencoders) is commonly employed to recognize anomalies by trying to reconstruct input 

data and gauging the mistake during the restoration process. Due to high error rates, there is an indication of potential fraud or 

abnormal activity. The method is beneficial in detecting new fraud tactics that differ from previously known behaviours. Image and 

document fraud detection can also be achieved using deep learning, e.g., via CNNs. Scanned forms, receipts, or photographs that 

provide evidence of a claim can also be reviewed. Such models can reveal any digital tampering, document text formatting errors, 

or image forgery. The models of deep learning can be powerful, but they may be less interpretable than the traditional approach 

and raise issues of regulatory compliance and reliability. 

 

3.3. Natural Language Processing for Unstructured Data Analysis 

Insurance operations are rich in unstructured text data that is extremely important to analyze with the help of Natural Language 

Processing (NLP). Policy documents, claim descriptions, adjuster notes, customer emails, chat transcripts, and medical reports may 

include valuable clues that structured data can potentially miss. [11-13] NLP allows an AI system to analyze, interpret, and 

extricate this text to discover the linguistic signs of fraud. Document models or claims story classification models can identify 

documents or claims narratives that are potentially fraudulent through learned features, such as sentiment or the use of suspicious 

language. Named entity recognition (NER) enables systems to identify and extract important details, such as names, dates, places, 

and descriptions of events, within unstructured narratives. This allows for comparison and cross-verification of such details with 

those in structured databases. 

 

Semantic analysis and topic modelling also enhance the system's context comprehension capabilities, allowing it to recognise 

inconsistencies in customer statements or identify reused justifications across different claims that should not be related. NLP 

methods can also be combined with optical character recognition (OCR), enabling the verification of the authenticity of 

handwritten or scanned text. The recent developments of transformer-based models, such as BERT and GPT, have significantly 

enhanced the use of NLP to understand background and subtlety in human language, making them suitable for use in the fraud 

identification process. These models can detect minute patterns, inconsistencies, or language clues that suggest lying. Nevertheless, 

the incorporation of NLP in the design of a fraud detection system requires proper management of language variation and 

multilingual data, as well as conciliation with data privacy laws. 
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3.4. Anomaly Detection Techniques 

Anomaly detection is a crucial AI method in insurance fraud prevention, particularly in detecting rare or unknown fraud 

schemes. In contrast to the supervised approach of learning, where fraudulent cases need to be labelled, anomaly detection aims to 

detect abnormal behaviour. This makes it particularly effective in highly dynamic environments where patterns of fraud change 

frequently or appear suddenly. Anomaly detection algorithms on data related to policy issuance and claims identify transactions 

that do not fit well within existing statistical patterns or behavioural norms. Indicators of possible fraud can include, for example, a 

rapid increase in claims from a particular region, high-value claims that are disproportionately large compared to the newly issued 

policy, or those that do not match the policyholder's standard.  

 

Typical algorithms include statistical ones, such as z-score analysis and robust estimation of covariance, as well as machine 

learning algorithms like Isolation Forests, One-Class SVM, and clustering algorithms like DBSCAN. More advanced strategies 

involve ensemble styles that average several approaches to anomaly detection, thereby increasing robustness and decreasing false 

positives. The systems can be applied in real-time, where they track incoming policies or claims for any suspicious activity. 

Nevertheless, anomaly detection relies on representative data and the proper tuning of thresholds to ensure that sensitivity and 

specificity are balanced. Anomaly detection is not foolproof, but it is useful as an early warning system to identify outliers that 

both humans and algorithms can then investigate. 

 

 
Fig 1: Decision Flow for Claims Fraud Detection 

 

3.5. Explainable AI (XAI) for Decision Transparency 

The insurance industry has become increasingly involved in AI, and as it becomes more incorporated into insurance fraud 

identification, the demand for explainable and transparent models has increased drastically. Explainable AI (XAI) refers to the set 

of techniques and tools that enable humans to understand AI-based decisions. When these decisions may lead to severe financial or 

legal consequences, as in a regulated industry such as insurance, XAI plays a crucial role in ensuring trust, accountability, and 

responsibility. The phenomenon of AI models, especially deep learning networks, being treated as a black box is frequently 

criticised, based on the fact that the networks produce outputs without an explicit understanding of how the logic behind them 

operates.  

 

Such an opaque nature can be an issue in cases where a valid claim is denied by a decision made by an AI model, leading to 

conflicts or investigations by regulators. XAI resolves this problem by allowing people to obtain explanations about how a decision 

was made and why it was made in a certain way. Improvements and substitutes have been developed to explain which features 

contributed most to a particular prediction, such as LIME (Local Interpretable Model-agnostic Explanations) and SHAP (SHapley 

Additive exPlanations). 

 

XAI tools can be used in the detection of fraud and can explain which particular claim was identified as suspicious, e.g., due to 

inconsistent information provided in the claim, excessive claim frequency, or anomalies in the text of a narrative. Such 
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explanations not only enable investigators to confirm the accuracy of the created model but also contribute to training underwriters 

and claims handlers to appreciate evolving patterns of fraud. Notably, XAI can promote ethical AI applications, as it can support 

the transparency of decisions, reduce bias, and facilitate the alignment of automatic decisions with customer rights within the legal 

framework. With AI becoming an increasingly large-scale investment, XAI is no longer a choice to be included in fraud detection 

efforts, but an element that is required to make any fraud detection effort reliably achieve stakeholder trust and sustainable 

automation in the face of the insurance industry's superstructure and throughput. 

 

4. Proposed Framework for Fraud Detection 
4.1. System Architecture 

The system begins with a variety of data sources, including external APIs (e.g., credit scores, government records), internal 

policyholder data, agent profiles, claims, and other records. [14-16] This multi-source combination has the benefit of capturing not 

only the structured information but the unstructured as well, e.g. the behavioral indicators and customer activity logs. It gives a 

comprehensive picture against which to analyse the information. All the data is fed into an integrated Data Ingestion and 

Processing layer, where it is unified, cleaned, structured, and engineered into features. This layer provides prepared analytical 

datasets as the source of input for fraud risk modelling and anomaly detection.  

 

The Fraud Detection Engine is at the heart of the system, combining several models built based on AI with rule-based 

reasoning. In this engine, anomalies are detected in conjunction with supervised machine learning models (for both policy issuance 

and claims), and a rule-based engine is utilised to generate fraud probability scores and decision flags. This information is further 

fed into a risk scoring engine, which calculates risk scores for both policies and claims. The resulting scores are then passed to the 

Policy & Claims Workflow System, where high-risk cases are automatically tagged or directed to human investigators. Monitoring 

& Audit: A module promotes real-time warnings, dashboards, and audits to trace fraud analytics and system decisions. 

 

Adaptability is achieved by implementing a Feedback & Learning Loop, which constantly checks the model's performance 

through drift detection and provides feedback for investigation. If model drift is identified, i.e., the behaviour of the fraud has 

changed, the system will initiate retraining based on labelled investigation data. Such a loop of feedback enables AI models to 

grow in real-time and keeps detection accuracy high, in tune with the incoming trends of fraud. This scalable and dynamic 

architecture is not only proactive in detecting potential fraud but also scalable in its functioning and regulatory approach. 

 

4.2. Data Sources and Preprocessing 

The results of any AI-based fraud mitigation system also strongly rely on the quality and variety of data the system takes. Data 

is obtained both internally and externally in the suggested framework. The internal sources encompass customer data, policy 

applications, customer profiles, and claim histories, whereas the external sources include credit score APIs, government regulatory 

databases, and customer social media channels. These various data sources provide behavioural indicators, credit risk scores, 

identity verification data, and past claims data all necessary to create comprehensive portfolios of fraud. The data used in 

combination with the detection models undergoes a strict preprocessing pipeline before being fed in. This process begins by 

harmonising the data format used by different systems and proceeds to cleaning, deduplication, and outlier elimination. The data is 

then assembled in a way that makes it ready for use in analytics within a centralised data lake/warehouse. Transforming raw 

attributes into thoughtful inputs to predict fraud is crucial at this stage, which is facilitated by feature engineering. Some of them 

are computing policy-to-claim periods, past claims frequency, and semantic patterns of unstructured stories. The selected data set is 

prepared for use in a machine learning model, making it accurate and efficient in subsequent operations. 

 

4.3. Model Selection and Training 

The fraud detection system's structure dictates the model choice based on the type of problem, the availability of labelled data, 

and the necessity to perform in real-time. The proposed system incorporates supervised, unsupervised, and semi-supervised 

machine learning models, designed to address various detection purposes. These models, including gradient boosting machines and 

logistic regressions, learn their parameters from a set of historical, labelled data and can then be used to classify policy applications 

or claims as either fraudulent or legitimate. Such models are best suited for situations where there is a significant amount of 

historical context and clearly defined fraud data. 
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Fig 2: AI-Driven Fraud Prevention & Cyber Resilience in P&C Insurance System Architecture 
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Isolation Forests and autoencoders are unsupervised models that can be used to identify new or unobserved trends related to 

fraud. Such models can be valuable in detecting abnormalities in the behaviour of agents or in patterns of policy submission that 

are outside normal operational baselines. Semi-supervised methods also advance the system, as small labelled sets are leveraged to 

drive learning in large, unlabeled datasets, which helps bridge the accuracy-adaptability gap. The process of training the model is 

iterative, utilising k-fold (or cross-validation) with model training and hyper-parameter optimisation, followed by the assessment of 

model performance through the measurement of precision, recall, F1-score, and AUC-ROC. After verification, the models are 

pushed through the production pipelines for real-time inference. 

 

4.4. Real-time Detection and Alerts 

The ability to detect fraud in real-time will be a key characteristic feature of the proposed system, allowing insurers to act 

before the situation becomes out of control. Data is ingested and preprocessed, after which it is sent to the fraud detection engine, 

where rules are applied via AI models to each transaction-based policy being issued or a claim being lodged. The system also 

provides a fraud risk score and identifies instances that occur in high numbers, flagging them according to thresholds and model 

prediction scores. Such flags are instantly forwarded to the risk scoring engine, which aggregates various sources of input and 

assigns a final score indicating the likelihood of fraud. Any increase in transactions above the predetermined risk amounts results 

in an alert. These are forwarded to the Monitoring and Audit system, which provides real-time dashboards on fraud analytics and 

sends automated fraud alerts via email, SMS, or internal alert channels. Claims investigators and fraud analysts can rely on the 

niche of detailed case summaries, such as explanations of models and indications of anomalies, to make quick and informed 

decisions. This real-time feature significantly minimises financial exposure, the time required for investigation, and the likelihood 

of slow interventions. 

 

4.5. Integration with Policy Management Systems 

The fractional dependence on Policy & Claims Workflow Systems lies in the necessity of seamless integration with the 

systems mentioned above to ensure the operational viability of the fraud detection framework. The proposed architecture connects 

directly with modules related to policy issuance and claims processing, and embeds fraud scores and flags into the core transaction 

systems used by the insurer. For example, when a policy application has a high score in terms of fraud risk, the system can 

automatically take it offline and refer the case to manual review. There is also a similar tendency where a claim with a flag 

indicating possible fraud is tagged for investigation by human inquisitors before approval. The integration is also friendly to 

closed-loop feedback systems, where the results of investigations are used to feed into the AI models, keeping them updated on a 

sustained basis. Interaction in a low-latency and high-availability environment between the fraud detection engine and policy 

management systems is guaranteed by API-based communication. Notably, the framework considers data governance policies, 

including an audit trail, user controls initiative, and compliance clearance, to cater to regulatory compliance needs. 

 

5. Case Study / Experimental Evaluation 
5.1. Dataset Description 

To experiment with AI methods in fraud analysis, this paper cites a well-known quantitative case study in credit card fraud 

detection. [17-20] It was initially created to defraud financial transactions, but its parameters make it an excellent topic of research 

in insurance fraud investigations because it has several similarities, such as class skew, masked feature distribution, and real-world 

size. The unprecedented task presented by the dataset is that of 284,807 transactions, only 492 of which are fraudulent, indicating a 

strong imbalance in the number of fraudulent cases. The cause is that all sensitive data in the dataset has been anonymised by 

applying Principal Component Analysis (PCA) to all input variables, which creates the anonymised numerical features, V1 through 

V28. Other features are kept as such (i.e., Time, Amount), and the Class tag contains a designation of legitimate (0) or fraud (1). 

Being high-quality and anonymised, this dataset enables researchers to compare numerous machine learning models in a secure 

and privacy-respecting setting. 

 

5.2. Experimental Setup 

The experimental setting involved the introduction of a constellation of both supervised and unsupervised machine learning 

models to aid in identifying fraudulent transactions. Before modelling, a typical preprocessing step was applied to the dataset, 

including normalisation, class balancing (oversampling and undersampling), and random splitting into training and validation data. 

The techniques applied to alleviate data imbalance included SMOTE (Synthetic Minority Over-sampling Technique) and class 

weights in the loss functions. 

 

The labelled data were used to train supervised models, namely Random Forest (RF), Support Vector Machines (SVM), 

XGBoost, and Multi-layer Perceptron (MLP) neural networks. Simultaneously, unsupervised clustering in the form of a K-means 

model was integrated to identify non-standard patterns without relying on labels. The performance of all the models was measured 
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on a hold-out test set to ensure unbiased performance measurement. The entire experimentation process was conducted in 

compliance with local data protection laws, and no personally identifiable data was revealed during the training or testing stages. 

 

5.3. Performance Metrics 

Since there is an over-representation of data on fraud, model performance was measured against specialised metrics that do not 

assess overall accuracy, but rather accuracy in detecting fraud, as indicated by the true positive (TP) rate. These include: 

 Precision: Calculates the number of flagged frauds that were fraudulent 

 Recall: This value will show how the model can identify every single case of actual fraud 

 F1-Score: Harmonic mean of precision and recall, balancing the trade-off 

 AUC-ROC: Indicates how well the model can categorize between the classes of fraud and non-fraud at any cut-off setting 

 

These metrics provide a more informative analysis of the performance of fraud detection than simple accuracy, which can be 

misleading when the dataset is highly unbalanced. 

 

5.4. Results and Analysis 

The following table contains a summary of the results of the performance of each model measured on the credit card fraud 

detection dataset: 

 

Table 1:  Performance Metrics of AI Models for Fraud Detection in P&C Insurance 

Model Accuracy (%) Precision Recall F1-Score AUC-ROC 

Random Forest 99.96 0.90+ 0.83 0.86 0.97 

XGBoost 99.97 0.91 0.85 0.88 0.98 

SVM 99.94 0.89 0.80 0.84 0.96 

Neural Network (MLP) 99.98 0.92 0.88 0.90 0.98 

K-Means (Unsupervised)  0.78 0.67 0.72  

 

The Neural Network (MLP) showed the most promising overall result, with an AUC of 0.98 and an F1-score of 0.90, 

indicating good generalisation and the strength of fraud detection. Random Forest and XGBoost ensemble-based models also 

showed very good results, with even better precision but slightly lower recall. This is especially useful in real-life applications 

where false positives are of primary importance to avoid. Although the unsupervised K-Means model is not as accurate, it was 

effective in projecting identified outliers that were not previously identified, thus playing an important part in the detection of new, 

emerging fraud tactics without relying on past labels as a component. 

 

 
Fig 3: Performance Metrics of AI Models for Fraud Detection in P&C Insurance 
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5.5. Comparison with Traditional Methods 

Compared to conventional systems for detecting fraud, such as manual reviews, rules, and red flags, AI-based models deliver 

significant enhancements. The AI models are flexible, anticipatory, and elastic, as opposed to traditional systems, which tend to be 

inflexible and reactive. Such models can identify more sophisticated fraud schemes that could evade rule-based filters, such as 

deviations in behaviour, fine-grained text anomalies, and rare combinations of risk factors. False positives are also low, as the 

traditional problem of investigators having to review vast amounts of valid claims that are leveraged by AI systems is significantly 

minimised. In addition, they allow instantaneous detection virtually in real-time, which enhances the timeline of intercession 

prohibition from hours and days to seconds. This increases the pace and decreases the costs of investigations, making it a more 

positive experience for the customer because they no longer have to delay a legitimate claim. Regarding new possibilities, these 

capabilities highlight the revolutionary power of machine learning in insurance fraud detection. 

 

6. Discussion 
6.1. Insights and Observations 

The verification of the process through experimentation and the architectural design of the investigation helps confirm the 

possibility that artificial intelligence can significantly enhance fraud detection in insurance operations. The most important lesson 

here is that AI models, specifically neural networks and ensemble-based learning, cannot only perform better than traditional 

methods but also be used to cope with the changing patterns of fraud. By using a combination of AI approaches, including 

supervised algorithms to identify fraud patterns and unsupervised algorithms to detect new and unseen fraud patterns, the system is 

also capable of detecting both known and new fraud types. Another noteworthy fact is that data pre-processing and feature 

engineering play a crucial role in model success. High-quality data sets will result in more precise predictions, whereas noise in 

low-quality data sets may be misleading and lead to false alarms. Additionally, real-time fraud scoring and early warning 

mechanisms demonstrated a significant improvement in terms of first match and response, which minimised potential financial 

losses and enabled more efficient operational performance. 

 

6.2. Challenges in Real-World Implementation 

Although the results of AI-powered models for fraud detection demonstrated positive outcomes in controlled experiments, 

several challenges are associated with deploying such models in real-life situations. Data availability and quality are among the 

major concerns. Insurance data can also be disorganised across departments and systems, and it may contain inconsistent formats, 

blank values, or systems inherited from legacy systems. Interpretability of models is another pressing concern; deep learning 

models, in particular, become a black box. When automating decisions made within controlled fields, such as the insurance 

industry, it becomes essential to clearly explain these decisions to policyholders, governing bodies, and internal audit committees. 

Furthermore, establishing operations with existing infrastructure can be lengthy and expensive, requiring significant investment in 

infrastructure and staff training. Adoption can also be hindered by staff resistance to changes in traditional processes, which will 

necessitate an elaborate approach to change management. 

 

6.3. Ethical and Privacy Considerations 

AI-based systems used in insurance operate in a sensitive ethical zone, especially regarding data protection, bias, and fairness. 

Some of the personal information handled in these systems can be quite sensitive, such as financial history, identity documents, 

and behavioural data. Insurers may leave themselves open to a contravention of user rights unless they follow the principles of 

privacy regulations to the letter, e.g., GDPR, HIPAA, or local user data protection legislation. Furthermore, AI models can also end 

up performing in a discriminatory manner if they were trained on biased datasets; hence, they are more likely to flag a population 

or an area as risky. This might result in reputational damage, legal implications and ethical dilemmas. Transparency and 

explainability are critical components in maintaining the trust of people, particularly when customers face penalties, delays, and 

rejections imposed by the machine. These issues can be mitigated by incorporating the ethics-by-design concept and ensuring that 

meaningful human control is in place over the new capabilities. 

 

6.4. Scalability and Deployment Concerns 

Although the experimental framework demonstrates success within a controlled environment, the application of the system at 

the enterprise level presents additional technical and operational complexities related to creating an enterprise-wide deployment 

environment. Insurance organisation models need to undertake significant efforts in managing information, which is essentially 

near real-time, involving millions of transactions annually, including those of high-throughput insurance companies. This requires 

a scalable infrastructure, which can be cloud-based or distributed computing. Moreover, the system should be robust to data drift, 

model decay, and adversarial attacks that may exploit algorithmic blind spots. The deployment strategy should include model 

retraining pipelines, performance monitoring methods, and feedback systems to ensure its long-term effectiveness. Furthermore, to 

achieve scale in AI implementations, it is necessary to bring together data scientists, information technology departments, business 

groups, and compliance professionals, and integrating all these functions is a key success factor. 
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7. Future Work 
7.1. Enhancements in AI Models for Fraud Detection 

Future research aims to enhance the adaptability, accuracy, and interpretability of AI models to make them more resilient 

against increasingly complex fraud techniques. Incorporation of hybrid models integrating the benefits of multiple algorithms, e.g., 

the combination of a rule-based logic with neural networks or supervised and unsupervised models into a layered architecture, is 

one avenue of improvement. Moreover, it may also be feasible to employ graph-based machine learning to discover structured 

rings of fraud by expressing the relationships among policyholders, claims, and agents. Sequential and temporal modelling 

methods, such as recurrent neural networks (RNNs) and transformers, may also be promising for detecting temporal sequences of 

fraudulent activities, including sequential stages of a fraud, like a staged accident or planned fraud across multiple accounts. 

 

Adaptive learning systems that retrain in the stream of fresh data are also an additional field that should be improved; with the 

continued stream of fresh data, the models can effectively stay on track with the evolving fraud tactics. However, even though real-

time fraud detection has already demonstrated great value, future versions may include context-aware AI, i.e.. These models alter 

their behaviour according to geographic, seasonal, or economic contexts. Lastly, it is also time to focus on explainability and 

transparency and provide a more polished explainable AI (XAI) toolset. Such improvements will enable AI decisions to be more 

interpretable, assisting a human investigator and complying with regulatory requirements. 

 

7.2. Use of Blockchain for Enhanced Policy Integrity 

Although it has many valuable advantages in terms of fraud detection, future research and development may also consider the 

possible integration of blockchain technology to increase policy integrity and trust. Blockchain appears to possess all the qualities 

necessary to protect essential insurance documentation, such as the record of a produced policy and claim coverage, as well as 

customer demographics and identification records. Blockchain enables the prevention of unauthorised intervention in transactions 

by recording them on a tamper-proof ledger, thereby eliminating the possibility of falsifying documents and committing fraud at 

their origin. Furthermore, insurance conditions could be transparently automated and enforced using smart contracts, i.e., self-

executing agreements binding by their inclusion in blockchain code. For example, claim eligibility rules may be coded in the form 

of smart contracts, whose activation of payout is limited to the occurrence of certain, provable conditions, thereby minimising the 

possibility of direct human access and manipulation. Consortium blockchains may also be utilised in future systems, where 

separate industry participants, such as insurers, regulators, and intermediaries, can work collaboratively on a shared ledger, thereby 

contributing to interoperability and shared fraud detection. The combination of blockchain and AI models may result in a two-tier 

defence, the first of which involves predicting fraudulent activity, and the second enforces it by utilising cryptographic restrictions. 

This combination of technologies presents an effective path to enhancing trust, accountability, and resilience in the digital 

insurance ecosystem. 

 

8. Conclusion 
Fraudulent activity poses a constant threat to the insurance industry, both in issuing policies and in processing claims. More 

complex and rapidly evolving fraud designs are becoming increasingly common, rendering traditional methods of detecting fraud 

inadequate. This paper has identified the various ways artificial intelligence (by using machine learning, deep learning, natural 

language processing and anomaly detection) can be used to make the industry much better at detecting and preventing fraud. The 

provided architecture combines real-time analytics, explainable AI, and feedback-guided learning loops to create a scalable, 

flexible, and transparent machine for identifying fraud. The experimentation carried out on a benchmark dataset confirmed that the 

AI models performed better (particularly the neural networks and ensemble models) than traditional ones in terms of precision, 

recall, and overall effectiveness. In addition to the immediate capability to improve detection, this work also highlights the 

importance of considering ethical, privacy-respecting, and technically enhanced operations. The issues, including data quality, 

system integration, and explainability, should be addressed to fully implement AI within operational contexts. Conclusively, there 

is hope for further advances in the future through practices that utilise novel technologies, such as blockchain and graph-based 

learning models, which have the potential to create more streamlined and secure fraud prevention environments in insurance. 

Insurance providers can create robust systems by ensuring they keep up with regulatory schemes and industry practices in the 

development of AI. This will not only help detect fraud but also ensure the integrity of policies, maintain customer trust, and 

facilitate ongoing digitalisation. 

 

Reference 
[1] Elumilade, O. O., Ogundeji, I. A., Achumie, G. O., Omokhoa, H. E., & Omowole, B. M. (2021). Enhancing fraud detection 

and forensic auditing through data-driven techniques for financial integrity and security. Journal of Advanced Education and 

Sciences, 1(2), 55-63. 



Nivedita Rahul / IJAIDSML, 5(1), 117-129, 2024 

 
127 

[2] Kratcoski, P. C. (2018). Introduction: Overview of major types of fraud and corruption. Fraud and corruption: Major types, 

prevention, and control, 3-19. 

[3] Morley, N. J., Ball, L. J., & Ormerod, T. C. (2006). How the detection of insurance fraud succeeds and fails. Psychology, 

Crime & Law, 12(2), 163-180. 

[4] Benedek, B., Ciumas, C., & Nagy, B. Z. (2022). Automobile insurance fraud detection in the age of big data–a systematic and 

comprehensive literature review. Journal of Financial Regulation and Compliance, 30(4), 503-523. 

[5] Asgarian, A., Saha, R., Jakubovitz, D., & Peyre, J. AutoFraudNet: A Multimodal Network to Detect Fraud in the Auto 

Insurance Industry. arXiv, January 2023. 

[6] Sithic, H. L., & Balasubramanian, T. (2013). Survey of insurance fraud detection using data mining techniques. arXiv preprint  

arXiv:1309.0806. 

[7] Aslam, F., Hunjra, A. I., Ftiti, Z., Louhichi, W., & Shams, T. (2022). Insurance fraud detection: Evidence from artificial 

intelligence and machine learning. Research in International Business and Finance, 62, 101744. 

[8] Gharehchopogh, F. S., & Khalifelu, Z. A. (2011, October). Analysis and Evaluation of Unstructured Data: Text Mining versus 

Natural Language Processing. In 2011, the 5th International Conference on Application of Information and Communication 

Technologies (AICT) (pp. 1-4). IEEE. 

[9] Pareek, C. S. (2023). From Detection to Prevention: The Evolution of Fraud Testing Frameworks in Insurance Through AI. J 

Artif Intell Mach Learn & Data Sci, 1(2), 1805-1812. 

[10] Riikkinen, M., Saarijärvi, H., Sarlin, P., & Lähteenmäki, I. (2018). Using artificial intelligence to create value in insurance. 

International Journal of Bank Marketing, 36(6), 1145-1168. 

[11] Zhou, J., Wang, X., Wang, J., Ye, H., Wang, H., Zhou, Z., Han, D., Ying, H., & Wu, J. FraudAuditor: A Visual Analytics 

Approach for Collusive Fraud in Health Insurance. arXiv, March 2023. 

[12] Dhieb, N., Ghazzai, H., Besbes, H., & Massoud, Y. (2020). A secure AI-driven architecture for automated insurance systems: 

Fraud detection and risk measurement. IEEE Access, 8, 58546-58558. 

[13] Makki, S., Assaghir, Z., Taher, Y., Haque, R., Hacid, M. S., & Zeineddine, H. (2019). An experimental study with imbalanced 

classification approaches for credit card fraud detection. IEEE Access, 7, 93010-93022. 

[14] Vajiram, Jayanthi; Senthil, Negha; Adhith, P. Nean. Correlating Medi-Claim Service by Deep Learning Neural Networks. 

arXiv preprint, August 8, 2023. 

[15] AI-Based Fraud Detection Systems in Insurance: Leveraging Deep Learning Techniques for Anomaly Detection, Claims 

Validation, and Risk Mitigation. Journal of Artificial Intelligence Research and Applications, Vol. 3, No. 2, Dec. 2023. 

[16] Kapadiya, K., Patel, U., Gupta, R., Alshehri, M. D., Tanwar, S., Sharma, G., & Bokoro, P. N. (2022). Blockchain and AI-

empowered healthcare insurance fraud detection: an analysis, architecture, and prospects. IEEE Access, 10, 79606-79627. 

[17] Thulasiram Prasad Pasam. Leveraging AI for Fraud Detection and Prevention in Insurance Claims. International Journal of 

Enhanced Research in Science Technology & Engineering, Vol. 12, Issue 11, November 2023. 

[18] Verma, J. (2022). Application of machine learning for fraud detection–a decision support system in the insurance sector. In 

Big data analytics in the insurance market (pp. 251-262). Emerald Publishing Limited. 

[19] Reis, T., Kreibich, A., Bruchhaus, S., Krause, T., Freund, F., Bornschlegl, M. X., & Hemmje, M. L. (2022). An information 

system supporting insurance use cases by automated anomaly detection. Big Data and Cognitive Computing, 7(1), 4. 

[20] Rusum, G. P., Pappula, K. K., & Anasuri, S. (2020). Constraint Solving at Scale: Optimizing Performance in Complex 

Parametric Assemblies. International Journal of Emerging Trends in Computer Science and Information Technology, 1(2), 47-

55. https://doi.org/10.63282/3050-9246.IJETCSIT-V1I2P106 

[21] Pappula, K. K., & Anasuri, S. (2020). A Domain-Specific Language for Automating Feature-Based Part Creation in 

Parametric CAD. International Journal of Emerging Research in Engineering and Technology, 1(3), 35-

44. https://doi.org/10.63282/3050-922X.IJERET-V1I3P105 

[22] Enjam, G. R. (2020). Ransomware Resilience and Recovery Planning for Insurance Infrastructure. International Journal of AI, 

BigData, Computational and Management Studies, 1(4), 29-37. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V1I4P104 

[23] Pappula, K. K., Anasuri, S., & Rusum, G. P. (2021). Building Observability into Full-Stack Systems: Metrics That 

Matter. International Journal of Emerging Research in Engineering and Technology, 2(4), 48-

58. https://doi.org/10.63282/3050-922X.IJERET-V2I4P106 

[24] Pedda Muntala, P. S. R., & Karri, N. (2021). Leveraging Oracle Fusion ERP’s Embedded AI for Predictive Financial 

Forecasting. International Journal of Artificial Intelligence, Data Science, and Machine Learning, 2(3), 74-

82. https://doi.org/10.63282/3050-9262.IJAIDSML-V2I3P108 

[25] Enjam, G. R. (2021). Data Privacy & Encryption Practices in Cloud-Based Guidewire Deployments. International Journal of 

AI, BigData, Computational and Management Studies, 2(3), 64-73. https://doi.org/10.63282/3050-9416.IJAIBDCMS-

V2I3P108 

https://doi.org/10.63282/3050-9246.IJETCSIT-V1I2P106
https://doi.org/10.63282/3050-922X.IJERET-V1I3P105
https://doi.org/10.63282/3050-922X.IJERET-V1I3P105
https://doi.org/10.63282/3050-922X.IJERET-V1I3P105
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V1I4P104
https://doi.org/10.63282/3050-922X.IJERET-V2I4P106
https://doi.org/10.63282/3050-9262.IJAIDSML-V2I3P108
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V2I3P108
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V2I3P108


Nivedita Rahul / IJAIDSML, 5(1), 117-129, 2024 

 
128 

[26] Rusum, G. P. (2022). WebAssembly across Platforms: Running Native Apps in the Browser, Cloud, and Edge. International 

Journal of Emerging Trends in Computer Science and Information Technology, 3(1), 107-115. https://doi.org/10.63282/3050-

9246.IJETCSIT-V3I1P112 

[27] Pappula, K. K. (2022). Architectural Evolution: Transitioning from Monoliths to Service-Oriented Systems. International 

Journal of Emerging Research in Engineering and Technology, 3(4), 53-62. https://doi.org/10.63282/3050-922X.IJERET-

V3I4P107 

[28] Jangam, S. K. (2022). Self-Healing Autonomous Software Code Development. International Journal of Emerging Trends in 

Computer Science and Information Technology, 3(4), 42-52. https://doi.org/10.63282/3050-9246.IJETCSIT-V3I4P105 

[29] Anasuri, S. (2022). Adversarial Attacks and Defenses in Deep Neural Networks. International Journal of Artificial 

Intelligence, Data Science, and Machine Learning, 3(4), 77-85. https://doi.org/10.63282/xs971f03 

[30] Pedda Muntala, P. S. R. (2022). Anomaly Detection in Expense Management using Oracle AI Services. International Journal 

of Artificial Intelligence, Data Science, and Machine Learning, 3(1), 87-94. https://doi.org/10.63282/3050-9262.IJAIDSML-

V3I1P109 

[31] Enjam, G. R. (2022). Energy-Efficient Load Balancing in Distributed Insurance Systems Using AI-Optimized Switching 

Techniques. International Journal of Artificial Intelligence, Data Science, and Machine Learning, 3(4), 68-

76. https://doi.org/10.63282/3050-9262.IJAIDSML-V3I4P108 

[32] Rusum, G. P., & Anasuri, S. (2023). Composable Enterprise Architecture: A New Paradigm for Modular Software 

Design. International Journal of Emerging Research in Engineering and Technology, 4(1), 99-

111. https://doi.org/10.63282/3050-922X.IJERET-V4I1P111 

[33] Pappula, K. K. (2023). Reinforcement Learning for Intelligent Batching in Production Pipelines. International Journal of 

Artificial Intelligence, Data Science, and Machine Learning, 4(4), 76-86. https://doi.org/10.63282/3050-9262.IJAIDSML-

V4I4P109 

[34] Jangam, S. K., & Pedda Muntala, P. S. R. (2023). Challenges and Solutions for Managing Errors in Distributed Batch 

Processing Systems and Data Pipelines. International Journal of Emerging Research in Engineering and Technology, 4(4), 65-

79. https://doi.org/10.63282/3050-922X.IJERET-V4I4P107 

[35] Anasuri, S. (2023). Secure Software Supply Chains in Open-Source Ecosystems. International Journal of Emerging Trends in 

Computer Science and Information Technology, 4(1), 62-74. https://doi.org/10.63282/3050-9246.IJETCSIT-V4I1P108 

[36] Pedda Muntala, P. S. R., & Karri, N. (2023). Leveraging Oracle Digital Assistant (ODA) to Automate ERP Transactions and 

Improve User Productivity. International Journal of Artificial Intelligence, Data Science, and Machine Learning, 4(4), 97-

104. https://doi.org/10.63282/3050-9262.IJAIDSML-V4I4P111 

[37] Enjam, G. R. (2023). Modernizing Legacy Insurance Systems with Microservices on Guidewire Cloud Platform. International 

Journal of Emerging Research in Engineering and Technology, 4(4), 90-100. https://doi.org/10.63282/3050-922X.IJERET-

V4I4P109 

[38] Pappula, K. K., & Rusum, G. P. (2020). Custom CAD Plugin Architecture for Enforcing Industry-Specific Design 

Standards. International Journal of AI, BigData, Computational and Management Studies, 1(4), 19-

28. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V1I4P103 

[39] Enjam, G. R., & Tekale, K. M. (2020). Transitioning from Monolith to Microservices in Policy Administration. International 

Journal of Emerging Research in Engineering and Technology, 1(3), 45-52. https://doi.org/10.63282/3050-

922X.IJERETV1I3P106 

[40] Pappula, K. K., & Rusum, G. P. (2021). Designing Developer-Centric Internal APIs for Rapid Full-Stack 

Development. International Journal of AI, BigData, Computational and Management Studies, 2(4), 80-

88. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V2I4P108 

[41] Pedda Muntala, P. S. R., & Jangam, S. K. (2021). End-to-End Hyperautomation with Oracle ERP and Oracle Integration 

Cloud. International Journal of Emerging Research in Engineering and Technology, 2(4), 59-

67. https://doi.org/10.63282/3050-922X.IJERET-V2I4P107 

[42] Enjam, G. R., & Chandragowda, S. C. (2021). RESTful API Design for Modular Insurance Platforms. International Journal of 

Emerging Research in Engineering and Technology, 2(3), 71-78. https://doi.org/10.63282/3050-922X.IJERET-V2I3P108 

[43] Rusum, G. P., & Pappula, kiran K. . (2022). Event-Driven Architecture Patterns for Real-Time, Reactive 

Systems. International Journal of Emerging Research in Engineering and Technology, 3(3), 108-

116. https://doi.org/10.63282/3050-922X.IJERET-V3I3P111 

[44] Pappula, K. K. (2022). Containerized Zero-Downtime Deployments in Full-Stack Systems. International Journal of AI, 

BigData, Computational and Management Studies, 3(4), 60-69. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I4P107 

[45] Jangam, S. K. (2022). Role of AI and ML in Enhancing Self-Healing Capabilities, Including Predictive Analysis and 

Automated Recovery. International Journal of Artificial Intelligence, Data Science, and Machine Learning, 3(4), 47-

56. https://doi.org/10.63282/3050-9262.IJAIDSML-V3I4P106 

https://doi.org/10.63282/3050-9246.IJETCSIT-V3I1P112
https://doi.org/10.63282/3050-9246.IJETCSIT-V3I1P112
https://doi.org/10.63282/3050-922X.IJERET-V3I4P107
https://doi.org/10.63282/3050-922X.IJERET-V3I4P107
https://doi.org/10.63282/3050-9246.IJETCSIT-V3I4P105
https://doi.org/10.63282/xs971f03
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I1P109
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I1P109
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I4P108
https://doi.org/10.63282/3050-922X.IJERET-V4I1P111
https://doi.org/10.63282/3050-9262.IJAIDSML-V4I4P109
https://doi.org/10.63282/3050-9262.IJAIDSML-V4I4P109
https://doi.org/10.63282/3050-922X.IJERET-V4I4P107
https://doi.org/10.63282/3050-9246.IJETCSIT-V4I1P108
https://doi.org/10.63282/3050-9262.IJAIDSML-V4I4P111
https://doi.org/10.63282/3050-922X.IJERET-V4I4P109
https://doi.org/10.63282/3050-922X.IJERET-V4I4P109
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V1I4P103
https://doi.org/10.63282/3050-922X.IJERETV1I3P106
https://doi.org/10.63282/3050-922X.IJERETV1I3P106
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V2I4P108
https://doi.org/10.63282/3050-922X.IJERET-V2I4P107
https://doi.org/10.63282/3050-922X.IJERET-V2I3P108
https://doi.org/10.63282/3050-922X.IJERET-V3I3P111
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I4P107
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I4P106


Nivedita Rahul / IJAIDSML, 5(1), 117-129, 2024 

 
129 

[46] Anasuri, S., Rusum, G. P., & Pappula, kiran K. (2022). Blockchain-Based Identity Management in Decentralized 

Applications. International Journal of AI, BigData, Computational and Management Studies, 3(3), 70-

81. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I3P109 

[47] Pedda Muntala, P. S. R. (2022). Enhancing Financial Close with ML: Oracle Fusion Cloud Financials Case 

Study. International Journal of AI, BigData, Computational and Management Studies, 3(3), 62-

69. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I3P108 

[48] Enjam, G. R. (2022). Secure Data Masking Strategies for Cloud-Native Insurance Systems. International Journal of Emerging 

Trends in Computer Science and Information Technology, 3(2), 87-94. https://doi.org/10.63282/3050-9246.IJETCSIT-

V3I2P109 

[49] Rusum, G. P. (2023). Secure Software Supply Chains: Managing Dependencies in an AI-Augmented Dev 

World. International Journal of Artificial Intelligence, Data Science, and Machine Learning, 4(3), 85-

97. https://doi.org/10.63282/3050-9262.IJAIDSML-V4I3P110 

[50] Pappula, K. K. (2023). Edge-Deployed Computer Vision for Real-Time Defect Detection. International Journal of AI, 

BigData, Computational and Management Studies, 4(3), 72-81. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V4I3P108 

[51] Jangam, S. K., & Karri, N. (2023). Robust Error Handling, Logging, and Monitoring Mechanisms to Effectively Detect and 

Troubleshoot Integration Issues in MuleSoft and Salesforce Integrations. International Journal of Emerging Research in 

Engineering and Technology, 4(4), 80-89. https://doi.org/10.63282/3050-922X.IJERET-V4I4P108 

[52] Anasuri, S. (2023). Synthetic Identity Detection Using Graph Neural Networks. International Journal of Artificial Intelligence, 

Data Science, and Machine Learning, 4(4), 87-96. https://doi.org/10.63282/3050-9262.IJAIDSML-V4I4P110 

[53] Reddy Pedda Muntala, P. S., & Karri, N. (2023). Voice-Enabled ERP: Integrating Oracle Digital Assistant with Fusion ERP 

for Hands-Free Operations. International Journal of Emerging Trends in Computer Science and Information Technology, 4(2), 

111-120. https://doi.org/10.63282/3050-9246.IJETCSIT-V4I2P111 

[54] Enjam, G. R., Tekale, K. M., & Chandragowda, S. C. (2023). Zero-Downtime CI/CD Production Deployments for Insurance 

SaaS Using Blue/Green Deployments. International Journal of Emerging Research in Engineering and Technology, 4(3), 98-

106. https://doi.org/10.63282/3050-922X.IJERET-V4I3P111 

[55] Pappula, K. K. (2021). Modern CI/CD in Full-Stack Environments: Lessons from Source Control Migrations. International 

Journal of Artificial Intelligence, Data Science, and Machine Learning, 2(4), 51-59. https://doi.org/10.63282/3050-

9262.IJAIDSML-V2I4P106 

[56] Pedda Muntala, P. S. R. (2021). Prescriptive AI in Procurement: Using Oracle AI to Recommend Optimal Supplier 

Decisions. International Journal of AI, BigData, Computational and Management Studies, 2(1), 76-

87. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V2I1P108 

[57] Rusum, G. P., & Pappula, K. K. (2022). Federated Learning in Practice: Building Collaborative Models While Preserving 

Privacy. International Journal of Emerging Research in Engineering and Technology, 3(2), 79-

88. https://doi.org/10.63282/3050-922X.IJERET-V3I2P109 

[58] Jangam, S. K., & Pedda Muntala, P. S. R. (2022). Role of Artificial Intelligence and Machine Learning in IoT Device 

Security. International Journal of Artificial Intelligence, Data Science, and Machine Learning, 3(1), 77-

86. https://doi.org/10.63282/3050-9262.IJAIDSML-V3I1P108 

[59] Anasuri, S. (2022). Zero-Trust Architectures for Multi-Cloud Environments. International Journal of Emerging Trends in 

Computer Science and Information Technology, 3(4), 64-76. https://doi.org/10.63282/3050-9246.IJETCSIT-V3I4P107 

[60] Pedda Muntala, P. S. R. (2022). Detecting and Preventing Fraud in Oracle Cloud ERP Financials with Machine 

Learning. International Journal of Artificial Intelligence, Data Science, and Machine Learning, 3(4), 57-

67. https://doi.org/10.63282/3050-9262.IJAIDSML-V3I4P107 

[61] Rusum, G. P. (2023). Large Language Models in IDEs: Context-Aware Coding, Refactoring, and 

Documentation. International Journal of Emerging Trends in Computer Science and Information Technology, 4(2), 101-

110. https://doi.org/10.63282/3050-9246.IJETCSIT-V4I2P110 

[62] Jangam, S. K. (2023). Importance of Encrypting Data in Transit and at Rest Using TLS and Other Security Protocols and API 

Security Best Practices. International Journal of AI, BigData, Computational and Management Studies, 4(3), 82-

91. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V4I3P109 

[63] Anasuri, S., & Pappula, K. K. (2023). Green HPC: Carbon-Aware Scheduling in Cloud Data Centers. International Journal of 

Emerging Research in Engineering and Technology, 4(2), 106-114. https://doi.org/10.63282/3050-922X.IJERET-V4I2P111 

[64] Reddy Pedda Muntala, P. S., & Karri, N. (2023). Voice-Enabled ERP: Integrating Oracle Digital Assistant with Fusion ERP 

for Hands-Free Operations. International Journal of Emerging Trends in Computer Science and Information Technology, 4(2), 

111-120. https://doi.org/10.63282/3050-9246.IJETCSIT-V4I2P111 

[65] Enjam, G. R. (2023). AI Governance in Regulated Cloud-Native Insurance Platforms. International Journal of AI, BigData, 

Computational and Management Studies, 4(3), 102-111. https://doi.org/10.63282/3050-9416.IJAIBDCMS-V4I3P111 

 

https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I3P109
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V3I3P108
https://doi.org/10.63282/3050-9246.IJETCSIT-V3I2P109
https://doi.org/10.63282/3050-9246.IJETCSIT-V3I2P109
https://doi.org/10.63282/3050-9262.IJAIDSML-V4I3P110
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V4I3P108
https://doi.org/10.63282/3050-922X.IJERET-V4I4P108
https://doi.org/10.63282/3050-9262.IJAIDSML-V4I4P110
https://doi.org/10.63282/3050-9246.IJETCSIT-V4I2P111
https://doi.org/10.63282/3050-922X.IJERET-V4I3P111
https://doi.org/10.63282/3050-9262.IJAIDSML-V2I4P106
https://doi.org/10.63282/3050-9262.IJAIDSML-V2I4P106
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V2I1P108
https://doi.org/10.63282/3050-922X.IJERET-V3I2P109
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I1P108
https://doi.org/10.63282/3050-9246.IJETCSIT-V3I4P107
https://doi.org/10.63282/3050-9262.IJAIDSML-V3I4P107
https://doi.org/10.63282/3050-9246.IJETCSIT-V4I2P110
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V4I3P109
https://doi.org/10.63282/3050-922X.IJERET-V4I2P111
https://doi.org/10.63282/3050-9246.IJETCSIT-V4I2P111
https://doi.org/10.63282/3050-9416.IJAIBDCMS-V4I3P111

