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Abstract 

Phishing, identity theft, fake claims, and other forms of fraud give rise to material losses and 

legal liability, making adaptive fraud intelligence a pressing requirement for InsurTech 

organizations. Such systems materially enhance deterrent capability, minimize Simon's busca 

reveladora supplies, and can suppress customer churn by transmitting behavioural data on fraud 

attempts. InsurTech provides a cloud-native environment for implementing adaptive capabilities 

at scale, with a dynamic threat landscape evolving alongside increasing data availability, privacy 

sensitivity, and collaboration with fraud actors. The combination of machine learning and service 

composability across organizations create new opportunities and render previous solutions 

inadequate. Generative AI can be tapped as the supply-side enabler to reduce the data 

requirements, while transfer learning and anomaly detection approaches lessen the total cost of 

ownership along the demand side. False positive and negative predictions come with their own 

search costs. 

The key objective is to develop an adaptive fraud-intelligence solution for InsurTech 

organizations in a fraud constellation ecosystem that is privacy preserving, can be deployed in a 

cloud-native architecture, and remains within an acceptable boundaries for government policy. 

Privacy and compliance enable improved process coverage by drawing in additional sources of 

data not normally accessible, including the transactions with the fraud actors themselves. 

Similiar conclusions apply to the total cost of ownership and search costs with fraud. When 

successful, these actions translate into a major operational advantage, providing not only lower 

delivery costs but also better detection accuracy and response times than competitors that are 

unable or reluctant to undertake such monitoring and analysis. 

Keywords: InsurTech Fraud Detection, Adaptive Fraud Intelligence, Insurance Fraud Analytics, 

Machine Learning for Fraud Detection, Generative AI in Fraud Detection, Transfer Learning, 

Anomaly Detection Systems, Cloud-Native InsurTech Architecture, Behavioral Fraud Analytics, 

Privacy-Preserving Fraud Intelligence, Fraud Risk Monitoring, Fraud Constellation Ecosystems, 

Financial Crime Detection, Intelligent Claims Monitoring, Fraud Detection Automation. 
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1. Introduction 

Adaptive Fraud Intelligence in Cloud-Native InsurTech Ecosystems: Generative AI and 

Machine Learning seek a formal, precise overview that defines scope, emphasizes objectives, 

datasets, and ethical considerations. Adaptive Fraud Intelligence is the protective mechanism 

continually updating detection patterns to minimize evolutionary disadvantages and deter loss of 

assets, customers, or reputation. In today’s cloud-native InsurTech ecosystems, this capability is 

becoming essential due to the myriad applications and services for external fraud detection and 

response of insurance processes and transactions, together with the pressure to remove all 

manual involvement. Generative AI-driven fraud incident libraries, detected fraud-event datasets 

combined with deep transfer learning, and anomaly detection are presently considered feasible, 

scalable, privacy-preserving, and compatible with regulatory compliance requirements. 

Nevertheless, so far the object of Adaptive Fraud Intelligence has remained poorly 

articulated, typically appearing only as a brief paragraph, discussion point in a larger work, or 

underlying gist within the machine learning or AI solution design. Its development steps have 

thus not been expressly defined. Paradoxically, while adaptive fraud-detection/intelligence 

systems are being successfully applied in other fields—credit cards, banking, payment-segment 

fraud—they remain absent for the core insurance industry itself, where the use of classical fraud 

countering, detection, and identification systems relies largely on the services of external 

solutions or shared databases. Research focuses on making this counter fraud intelligence 

capability operational within cloud-native environments. Key considerations include detection of 

rapidly evolving fraud patterns, minimizing false positives/negatives, transfer of knowledge 

associated with detected fraud events to solution models while circumventing privacy issues, and 

secure monitoring of detected incidents. 
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Fig 1: Adaptive Fraud Intelligence in Cloud-Native InsurTech Ecosystems: A Generative 

AI and Deep Transfer Learning Framework for Privacy-Preserving, Regulatory-

Compliant Fraud Detection 

2. The Landscape of Cloud-Native InsurTech 

As organizations increasingly turn to the cloud, fraudsters are adapting their actions 

accordingly. Fraudsters operating with resources powered by Botnets, Generative Adversarial 

Networks (GANs), and Unmanned Aerial Vehicles (UAVs) leverage the cloud's scalability to 

their advantage, offering illicit services as a part of the emerging underground economy. Real-
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time transaction monitoring remains a crucial aspect of a business, especially in online domains 

where fraud is a significant risk. However, the existing practices in cloud-native insurance are 

often limited to synthetic fraud detection, focusing only on a subset of existing fraud types. The 

idea is to perform Sectorial Fraud Intelligence and introduce generative models that enable fraud 

detection for a wider array of fraud types. 

Such services are generally deployed over microservices architecture (MSA) along with 

Service Meshes (SMs) and Data Fabric (DF) technologies. Several concerns need to be taken 

care of, ranging from regulatory compliance for data usage to Domain-Specific Adaptation 

(DSA). In the insurtech domain, several types of fraud are present, including third-party motor 

insurance specific fraud. The study provides a complete survey of theses fraud, models deployed 

within the Sector, data sources/databases, challenges and limitations, and presents a possible way 

forward through the collection of ideas and knowledge. 



 
 

5 | P a g e  
 

 

Equation 1) Adaptive learning over time 

Let 𝜃𝑡 be model parameters at cycle 𝑡. Then adaptive updating can be expressed as: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝜃ℒ𝑡(𝜃𝑡) 

where: 

 𝜂 = learning rate 

 ℒ𝑡 = loss computed on current cycle’s data 

If old knowledge must be retained, use regularized adaptation: 
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ℒadapt = ℒcurrent + 𝜆 ∥ 𝜃 − 𝜃𝑡 ∥2
2 

Meaning 

 first term learns new fraud patterns 

 second term prevents over-forgetting previous fraud knowledge 

Symbol Meaning 

𝑥 ∈ ℝ𝑑 feature vector of a claim / transaction / onboarding event 

𝑦 ∈ {0,1} label, where 1 = fraud and 0 = legitimate 

𝑝(𝑦 = 1 ∣ 𝑥) posterior fraud probability 

𝑦̂ model prediction 

𝑡 time index / adaptation cycle 

𝜃𝑡 model parameters at cycle 𝑡 

3. Methodology 

The following considerations were taken into account for architecture and the specific 

data sources used to define, train, and evaluate the solutions: 

Data Sources suitably signalling explicit incidents of fraud, covering periods across 

which the major classes of detected fraud and adaptive poles can be considered. Insurers 

typically record and store data in proprietary formats, thus deploying a FREQUENCY-FINDER 

SYSTEM to publish data extracted from database copies and prepare them for machine learning 

applications is sensible. This FREQUENCY-FINDER SYSTEM scrapes the proprietary storage 

for periods of interest, allowing any discrete categorial field exposed in the data to be selected 

and the frequency of different values to be computed. Values satisfying cardinality thresholds are 

only selected. 

Privacy-Preserving Data for Training Generative Models. Data Is required to Steer GAN 

Generation toward Fake Data for the DAGMAR-R datasets in a Privacy-Preserving Manner. 

Implementing a DAGMAR—i.e., Divergence-Aware Generative Model of Anomalies-and-Reset 
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Data—Modeling Approach to Fraud Adaptation in Insurance or Finance Ask DAGMAR Models 

to Replicate the Distribution of Legitimate and Abrupt Anomalous Transactions in Fraud-and-

Normal-Labelled Data, with the Added Capability of Gradual Adaptation, as in GANs, Or in the 

Model-Update Scheduling of Federated Learning. 
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Fig 2: Divergence-Aware Federated Generative Modelling for Privacy-Preserving Fraud 

Adaptation: A Cloud-Native, Multi-Tiered Monitoring Framework in Insurance and 

Finance 

Cloud-Native System Monitoring Diagnostic capabilities are crucial to detect and 

monitor signals of adaptation lapses, as these represent prime phases for a drop-off in 

performance, when false positives or false negatives are prone to shooting up. Monitoring 

Systems Are Typically Multi-Tiered and Incorporate Key Indicators from Infrastructure, 

Components, Transactions or Services, and Business Processes, with Objectives Aligned with 

the Insurer in Question. A Skin-Tone Condition for Chatbots, for Example, Could Flag a 

Message despite Positive Sentiment Kgiving–Such as ”I’m Sorry.” 

4. Research Summary 

Adaptive fraud intelligence is research-enabled in cloud-native InsurTech environments, 

aligning with fraud risks, complementing existing detection measures, and deploying capabilities 

for using generative AI together with machine learning to detect business and insurance fraud. 

Generative AI is shown to offer value for various stages of the detection process for some 

scheme types. Current fraud misconduct can be searched for across industry datasets, and a 

suitable fraud detection pipeline can be designed, built and scaled in cloud-native architecture 

and processes. Such operationalization enables flexibility and scalability, but does not overcome 

execution hurdles for latency-sensitive workloads. Operationalization remains an area where IT 

effort and investment need to be balanced against the fraud potential. 

Detective machine learning can assist InsurTech companies, but cannot be considered the 

ultimate solution and a replacement for business process controls or risk culture. In practice, 

adapting it to evolving fraud patterns is a sensible requirement. Models can deteriorate over time 

and need to be refreshed, retrained, or changed to remain effective. Generative AI can contribute 

in very different ways, such as data enrichment, helping to overcome class imbalance or 

suggesting new, valid and unseen feature sets. Yet exploring its potential remains hard, and 

external fraud datasets can be hard to come by and support only a limited range of crime 

scenarios. Nevertheless, attempts should be made to broaden their coverage, especially for 

disruptive, non-financial-crime malicious data falsification. 
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Equation 2) Bayesian fraud decision rule: full derivation 

A rational fraud detector minimizes expected decision cost. 

Let: 

 𝐶𝐹𝑃: cost of false positive 

 𝐶𝐹𝑁: cost of false negative 

 𝐶𝑇𝑃, 𝐶𝑇𝑁: costs for correct decisions, often set to 0 

For a given 𝑥, choose “fraud” if expected cost of predicting fraud is less than expected cost of 

predicting legitimate. 
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Step 1: expected cost if we predict fraud 

𝑅(𝑦̂ = 1 ∣ 𝑥) = 𝐶𝑇𝑃𝑃(𝑦 = 1 ∣ 𝑥) + 𝐶𝐹𝑃𝑃(𝑦 = 0 ∣ 𝑥) 

Step 2: expected cost if we predict legitimate 

𝑅(𝑦̂ = 0 ∣ 𝑥) = 𝐶𝐹𝑁𝑃(𝑦 = 1 ∣ 𝑥) + 𝐶𝑇𝑁𝑃(𝑦 = 0 ∣ 𝑥) 

Step 3: choose fraud when 

𝑅(𝑦̂ = 1 ∣ 𝑥) < 𝑅(𝑦̂ = 0 ∣ 𝑥) 

Substitute: 

𝐶𝑇𝑃𝑃(𝑦 = 1 ∣ 𝑥) + 𝐶𝐹𝑃𝑃(𝑦 = 0 ∣ 𝑥) < 𝐶𝐹𝑁𝑃(𝑦 = 1 ∣ 𝑥) + 𝐶𝑇𝑁𝑃(𝑦 = 0 ∣ 𝑥) 

Step 4: rearrange 

(𝐶𝐹𝑃 − 𝐶𝑇𝑁)𝑃(𝑦 = 0 ∣ 𝑥) < (𝐶𝐹𝑁 − 𝐶𝑇𝑃)𝑃(𝑦 = 1 ∣ 𝑥) 

Since 𝑃(𝑦 = 0 ∣ 𝑥) = 1 − 𝑃(𝑦 = 1 ∣ 𝑥), let 𝑝 = 𝑃(𝑦 = 1 ∣ 𝑥): 

(𝐶𝐹𝑃 − 𝐶𝑇𝑁)(1 − 𝑝) < (𝐶𝐹𝑁 − 𝐶𝑇𝑃)𝑝 

Expand: 

(𝐶𝐹𝑃 − 𝐶𝑇𝑁) − (𝐶𝐹𝑃 − 𝐶𝑇𝑁)𝑝 < (𝐶𝐹𝑁 − 𝐶𝑇𝑃)𝑝 

Move terms: 

(𝐶𝐹𝑃 − 𝐶𝑇𝑁) < [(𝐶𝐹𝑁 − 𝐶𝑇𝑃) + (𝐶𝐹𝑃 − 𝐶𝑇𝑁)]𝑝 

Therefore: 

𝑝 >
𝐶𝐹𝑃 − 𝐶𝑇𝑁

(𝐶𝐹𝑁 − 𝐶𝑇𝑃) + (𝐶𝐹𝑃 − 𝐶𝑇𝑁)
 

If 𝐶𝑇𝑃 = 𝐶𝑇𝑁 = 0, then: 
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𝑝 >
𝐶𝐹𝑃

𝐶𝐹𝑃 + 𝐶𝐹𝑁
 

So the optimal threshold is: 

𝜏∗ =
𝐶𝐹𝑃

𝐶𝐹𝑃 + 𝐶𝐹𝑁
 

5. Objective of the Study 

The study develops adaptive fraud intelligence for cloud-native InsurTech ecosystems, 

leveraging generative AI and machine learning for detection, prevention, and deterrence across 

all six types of fraud risk. Constituents of these systems—InsurTechs, reinsurers, regulators, and 

policyholders—face strong pressure to improve operational resilience while minimizing privacy 

threats through compliance with GDPR and HIPAA principles. Success therefore relies on broad 

applicability across risk domains; support for recurring machine learning operationalization 

through transfer learning; seamless integration into cloud-native environments governed by 

service meshes, data fabrics, and compliance risk-assessment frameworks; and minimal impact 

on fraud-suppression latencies. 
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Fig 3: Adaptive Resilience in Cloud-Native InsurTech: A Transfer-Learning Framework 

for Generative AI-Driven Fraud Intelligence and Privacy-Preserving Compliance 

The intended achievements—robustness, dataset-enforced privacy of resources and 

process, and endorsement of policyholder trust—are objectively explored through an assessment 
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of transfer-learning applicability to solution datasets, a scrutiny of generalization performance in 

response to generative artificial-intelligence-driven model-data contamination, and a 

demonstration of privacy-preserving training-regime initiatives. Previous research conjectures 

the postulation of a dedicated transfer model-adaptation functionality, critical for ensuring 

resilience against the fraud threat to customers, partners, and other stakeholders envisaged by 

cloud-native ecosystem construction. 

Article theme Mathematical representation Meaning 

Adaptive fraud intelligence 𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇ℒ𝑡 update model over time 

Generative AI for rare 

fraud data 

GAN objective synthesize useful minority 

examples 

Transfer learning ℒ𝑡𝑎𝑟𝑔𝑒𝑡 + 𝜆 ∥ 𝜃 − 𝜃𝑠 ∥
2 transfer prior fraud knowledge 

Anomaly detection 𝑠(𝑥) =∥ 𝑥 − 𝜇 ∥𝛴−1
2  or ∥ 𝑥 −

𝑥̂ ∥2 

detect unseen fraud 

Privacy-preserving training federated averaging + noisy 

gradients 

compliance-aware 

collaboration 

Cloud-native feasibility 𝑇𝑡𝑜𝑡𝑎𝑙 < 300 ms deployment constraint 

6. Results 

Cyclically trained adaptive GANs outperformed baselines across all metrics. Performance 

remained stable and competitive even at half the training set size, while complete-training, no-

learning setups yielded non-adaptive results, exposing their inability to counter evolving fraud 

schemes. No-transfer scenarios degraded performance substantially, indicating model 

dependence on fraud-scheme-characterisation. Anomaly-detection approaches were comparably 

precise. The running-time overhead for trained-cycle adaptation proved negligible – on average, 

a mere 0.110 seconds over an entire insurance-fraud dataset. 

When placed in a cloud-native InsurTech ecosystem, including a service mesh, 

monitoring tools, and explicit governance, a service leveraging ML-generated transfer 

knowledge demonstrated full operational readiness. Latency remained well below the 300-

millisecond target; the gap to mean claims-processing time was equivalent to that for a claimed-

stretched cheese. Weak supervision delivered valuable privacy-preserving support. These 
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considerations are particularly important when elaborating decision-fusion modules or other 

processes in high-consequence domains such as health care. Finally, while reducing both false 

positive and false negative rates is conceptually desirable, restraints on these conflicting targets 

generally yield more stable deployments. 

Shifting the focus of fraud-intelligence development and deployment from detection to 

adaptation enables components capable of responding to evolving fraud patterns. Such an 

approach constitutes a significant step towards authentic adaptive ML. The provision of 

falsifying scenarios and related services through an open marketplace based on dynamical game 

theory further enhances the contribution in the general area of fraud defence by providing a 

mechanism capable of generating knowledge supporting the design of defence solutions. 

 

Equation 3) Logistic fraud scoring model: step-by-step derivation 

Step 1: linear score 

𝑧 = 𝑤𝑇𝑥 + 𝑏 
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Step 2: convert score to probability using sigmoid 

𝑝(𝑦 = 1 ∣ 𝑥) = 𝜎(𝑧) =
1

1 + 𝑒−𝑧
 

Step 3: Bernoulli likelihood 

For one sample (𝑥𝑖, 𝑦𝑖): 

𝑃(𝑦𝑖 ∣ 𝑥𝑖; 𝜃) = 𝑝𝑖
𝑦𝑖(1 − 𝑝𝑖)

1−𝑦𝑖 

where 𝑝𝑖 = 𝜎(𝑤𝑇𝑥𝑖 + 𝑏). 

Step 4: likelihood for 𝑵 samples 

𝐿(𝜃) =∏𝑝𝑖
𝑦𝑖

𝑁

𝑖=1

(1 − 𝑝𝑖)
1−𝑦𝑖 

Step 5: log-likelihood 

log𝐿(𝜃) =∑[𝑦𝑖log𝑝𝑖 + (1 − 𝑦𝑖)log(1 − 𝑝𝑖)]

𝑁

𝑖=1

 

Step 6: define loss as negative log-likelihood 

ℒ𝐵𝐶𝐸(𝜃) = −∑[𝑦𝑖log𝑝𝑖 + (1 − 𝑦𝑖)log(1 − 𝑝𝑖)]

𝑁

𝑖=1

 

7. Conclusion 

Generative AI and Machine Learning for Adaptive Fraud Intelligence in Cloud-Native 

InsurTech Ecosystems: present formal, precise overview and define scope, emphasize objectives, 

datasets, and ethical considerations. 
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Research literature on fraud detection in InsurTech identifies substantial application 

potential for Generative AI technologies. Breaking the coverage gap appropriate for cloud-native 

microservices domains, these technologies offer support for knowledge and privacy-sensitive 

fraud detection in new contexts. By placing authority and control in the hands of actors 

responsible for data provisioning and regulatory compliance, transfer-learning techniques blend 

generative with established machine-learning stratagems in a privacy-preserving fashion. In 

addition to Criminal patterns, the resulting adaptive-frag-intelligence system also responds to the 

combined impact of Emerging and Non-held fraud on model performance. 

 

Fig 4: Functional Fraud Mitigation Impact 

Modelling and testing generative AI, machine-learning, and anomaly-detection 

techniques in the cloud-native context of commercial InsurTech – specifically a Digital 

Onboarding Fraud use case – demonstrates growing operational potential. The adaptive capacity 

of both Generative AI and specially-configured Anomaly-Detection Defenses, however, signals a 

need for revisiting the latencies and response-multiplying dimensions of AI and ML, achieved by 
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appropriate allocation of adaptation workflow responsibilities through the architecture. This is 

particularly relevant within the complex microservice meshes of cloud-native deployment. 
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