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Abstract:Claims processing is a major focus for 

generative AI deployment in insurers and reinsurers 

because of the highly structured nature of claims data 

and the operational efficiency yet regulatory compliance 

challenges. Such deployment remains narrowly focused 

on automating workflow steps, conversely, generative AI 

can be leveraged far more deeply to orchestrate risk 

across the entire lifecycle of claims processing, spanning 

fraudulent, anomalous, severe, and over-claim scenarios. 

Cloud-native insurance platforms built on microservices 

and service meshes provide the underlying architecture 

to support scale, service resiliency, and observability. 

Specialized data provenance and governance capability 

are paramount in maintaining data privacy. 

The operationalization of generative AI in claims 

processing is supported by services that pre-process 

training data, monitor model performance, and fine-tune 

model responses prior to risk orchestration engagement. 

A responsible AI stance with respect to external 

stakeholders is essential, along with adherence to 

compliance frameworks such as INSO 22758-1, 2:2022 

and IBR 57 (Bahamas), CIRC (China), Data Checklist 

(UK), and Draft AI Act (EU), among others. Auditability 

and explainability dimensions must also be addressed, 

including assurance that model outputs are explainable 

to the officers of the law. 

Keywords :Automated claims handling; cloud-native 

architecture; cloud-native operational approaches; 

generative AI models in insurance; AI ethics; risk 

orchestration in insurance claims systems.  

Such LLMs constitute a substantial breakthrough in risk 

management and claims-handling systems. They help 

support and enact risk orchestration in all three 

dimensions of claims risk management (identifying risk, 

assessing risk, and improving resilience) at scale and low 

cost in cloud-native platform environments. Tech-

enabled claims handling thus allows the tracking of AI 

model performance, refinement of opacity-controlling 

techniques for sensitive models in collaborative crime-

detection settings and combined voice-image assistant 

systems, as well as fulfilment of other objectives 

associated with high stakes. 

1. Introduction 

Generative models are becoming prominent in science and 

engineering. Increasingly large data sets and powerful 

distributed computing infrastructures allow the training of 

sophisticated models that can produce realistic synthetic data 

on demand. These models enhance productivity and lower 

costs by relieving specialists from tedious chores, but also 

introduce new risks. Scams that exploit synthetic media are 

emerging, and seasoned experts now rely on digital 

companions to deal with the overload generated by machine-

generated content. 

Generative AI can also establish closer feedback loops 

between organizations and government agencies. Many 

processes in these institutions are already cloud native, 

typically orchestrated as workflows that combine 

microservices operating on cloud data lakes or warehouses. 

Generative models specifically designed for a given process 

can guide workloads through these orchestrations and scale 

beyond what any single capacity can tackle, benefitting 

enterprise strategy, operations, and security simultaneously. 
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These advances are particularly promising in the insurance 

industry, which deals with the past and specializes in risk. 

 

2. Theoretical Foundations of Claims 

Risk Management 

A formal synthesis of claims risk orchestration on cloud-

native insurance platforms using generative AI requires 

definitions, a risk taxonomy, and an examination of the roles 

of generative AI across these risk dimensions. Claims 

processing is ever more critical, comprising about three-

quarters of an insurer’s expenses, with risk-focused activities 

including fraud detection, severity prediction, and claims 

assessment. Integration into cloud-native insurance 

ecosystems eases development and deployment, while 

transparent data lineage supports governance, privacy, and 

compliance requirements. 

A formal synthesis of claims risk orchestration on cloud-

native insurance platforms using generative AI requires 

definitions, a risk taxonomy, and an examination of the roles 

of generative AI across these risk dimensions. Claims 

processing is ever more critical, comprising about three-

quarters of an insurer’s expenses, with risk-focused activities 

including fraud detection, severity prediction, and claims 

assessment. Integration into cloud-native insurance 

ecosystems eases development and deployment, while 

transparent data lineage supports governance, privacy, and 

compliance requirements. 

 

A. Definitions and scope 

In insurance, claims risk refers to the possibility of loss 

caused by the submission of faulty claims. These losses can 

occur due to various reasons, including fraud, excessive 

severity, and unpredictable natural disasters. Furthermore, 

once a claim is set in motion, the potential for payout 

increases, which may impact a claim's payment from the 

policyholder's point of view. For clouds, it refers to claims 

that cannot be met in the event of a Disaster Recovery event 

such as a Datacentre failure or force majeure event, where 

workload cannot be transferred to an alternative site, such as 

a region or another datacentre. In tourism, travel insurance 

loss, on the part of the insurer, can occur in the form of travel 

delays, cancellations, and losses just like in insurance. The 

act of managing claims is also intricate and resource 

consuming, including quality assurance, data transfers, 

refunds and much more. Modern technologies such as 

AI/Machine Learning are adopted to reduce these huge 

repeated costs. 

Orchestration Risk refers to failed orchestration action when 

Cloud Service Providers are unable to transfer the workload 

for protection for application during any Disaster Recovery 

scenario like Datacentre failure, Force Majeure like extreme 

weather or due to any unanticipated event. The workload is 

not shifted to an alternative DR region or datacentre. For 

example, while during monsoon season there could be an 

orchestration risk in transferring the workload from one 

datacentre to another for protection due to cyclone in that 

same region. 
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Table 1: Core Themes of the Research Article 

Theme Description 

Generative AI in 

Insurance 

Use of AI models for 

fraud detection, severity 

prediction, and claims 

automation. 

Cloud-Native 

Architecture 

Microservices and 

service meshes enabling 

scalability and 

resilience. 

Risk Orchestration Managing fraud, 

anomalies, severity, and 

payout risks across 

claims lifecycle. 

Governance & 

Compliance 

Ensuring transparency, 

auditability, 

explainability, and 

regulatory compliance. 

B. Risk taxonomy in insurance claims 

Insurance claims may exhibit heightened risk for many 

reasons, such as fraud, loss magnitude, miscalculation, 

misrepresentation, legitimate but disproportionate requests, 

natural disasters, and public or media interest. Consequently, 

description and resulting decisions must be managed under 

responsive orchestration that may involve different 

stakeholders. Anomalous claims can be detected using data-

driven approaches based on structured claims data and 

potentially augmented with unstructured textual data, such 

as pattern recognition via computer vision on photo 

attachments. Once a claim is detected as anomalous, a pre-

announcement visual inspection can be triggered to de-risk 

subsequent processing. When fraud risk has been identified, 

other insurance companies can intervene before a claim is 

paid, and the police can be notified for possible arrests and 

future deterrence. 

Generally, claims severity and payout are directly associated 

with all-lines loss estimates. The severity of claims 

involving injuries and settlements, as well as property claims 

and payouts, grows with increases in reassessed all-lines 

ultimate loss totals. Combining such predictable drivers with 

other quantitative and qualitative predictors that indicate 

unusual scenarios surrounding a claim can lead to more 

reliable advice on expected severity or payout values. Yet, 

severity and payout estimates are usually based on 

conventional statistical models, whereby the complex 

interactions among predictors of different nature and scale 

are ignored. Claims severity and payout forecasting 

represent challenging risk spots in insurance risk 

management given the high noise contributed by 

unstructured data. Crowdsourcing can help in these 

circumstances but adds further uncertainty. 

1. Anomalous Claim Score 

Let claim features be: 

𝑥 = [𝑥1, 𝑥2, … , 𝑥𝑛] 

 

Historical normal claims have mean: 

𝜇 = [𝜇1, 𝜇2, … , 𝜇𝑛] 

 

Deviation from normal: 

𝑥 − 𝜇 

 

Because features may be correlated, use covariance 

matrix Σ. 

Final anomaly equation: 

𝐴(𝑥) = √(𝑥 − 𝜇)𝑇Σ−1(𝑥 − 𝜇) 

 

Decision: 

𝐴(𝑥) > 𝜏𝐴 ⇒ Anomalous Claim 
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C. Roles of generative AI in risk orchestration 

Generative AI has a multifaceted role in insurance claims 

risk management and orchestration. At a fundamental level, 

generative AI can be defined as a class of machine learning 

(ML) models that are capable of creating new content. This 

includes text-based content and images, sound, and other 

forms of content. Multimodal generative AI can create 

combinations of various forms, such as music videos 

combining video, sound, and text. Within the domain of 

insurance claims risk management, the focus is on models 

generating textual content or images; so, while developing 

and integrating generative audio, video, or image content can 

also be envisaged, they are considered less useful for the 

management of risk across the insurance claims lifecycle. 

Two specific multivariate anomalies can be generated using 

Conditional Variational Autoencoders-VAEs: i) Data 

samples which are missing in the training dataset; for 

example, claim records related to motorcycle accidents when 

the training dataset does not capture accidents pertaining to 

motorcycles as the particular vehicle type; ii) Data samples 

with specific characteristics that need to be analysed in detail 

when sufficient number of samples with those characteristics 

are not available in the training dataset-set. These specific 

forms of Conditional VAEs help support the generative risk 

orchestration focus of the cloud-native insurance platform, 

enhancing detection of fraud-sensitive claims, assessing and 

mitigating fraud risk in claims, and forecasting claim 

severity and payout risk for claims with anomalous 

characteristics. 

 

3. Cloud-Native Architecture for 

Insurance Platforms 

Leverage a cloud-native platform with an event-driven 

architecture to achieve a decentralized microservices-based 

insurance ecosystem optimized for scalability, resilience, 

auditability, and observability. Adopt service meshes for 

claims processing and orchestration, a transparent claims-

data provenance- and privacy-governance model, and a 

natural-language-oriented “data for supervision” strategy. 

Such ingredients enable the delivery of smart insurance 

services that harness claims-data-driven generative AI and 

orchestrate risk across the entire claims life cycle. The 

proven architectural style makes it easier to transform a 

Cloud Native Computing Foundation Project from a 

monolith into a collection of interrelated applications 

capable of scaling and evolving independently. 

Cloud-native insurance back-end platforms that are event 

driven and run in execution environments optimized for 

elasticity and scale enable a decentralized insurance 

ecosystem. Claims-insurance services—first-party 
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protection, third-party liability, severity forecasts, payouts 

forecasts, and fraud risk predictions—are catered for by 

harnessing generative AI technology and orchestrating 

claims-processing risk across claim-routes life cycles. 

Claims-services responsiveness is boosted through 

dedicated, managed service meshes that encapsulate claims-

overlay stacks and audio/visual generation. Claims services 

and risk orchestration respond to specific types of risk but 

remain limited by the volume of accounts and premiums 

triggered, as well as the need for a human-supervised 

training and recalibration Jasper-generative AI workflow. A 

transparent claims-data-risk-provenance model, together 

with a “data for supervision” strategy oriented toward 

natural-language modelling, address the key challenges of 

data governance, privacy, and compliance within the 

platform’s AI-systems ecosystem. 

 

A. Microservices and service mesh 

An effective architecture for cloud-native insurance 

platforms is based on microservices. Microservices break 

down a monolithic application into small components that 

each perform a single well-defined function. For example, in 

the context of policy or claims management, one service 

creates the unique identifiers, another handles notifications, 

another manages records, and yet others perform 

transformations needed by various integrations. A service 

mesh controls interactions between microservices. Each 

implementation uses lightweight sidecar agents to manage 

communication, with service-to-service communication 

routed through the mesh, and external communication 

handled by an API gateway. This centralized management 

layer actively monitors traffic, with features such as 

application-aware routing, encryption and observability. 

Such a microservices architecture is inherently scalable; as 

an individual service approaches capacity, additional 

instances can be spun up in different cloud regions or 

availability zones at minimal cost. Moreover, they need not 

always be running to maintain availability. As demand 

diminishes, scaling can be reversed until no additional 

instances are needed. This provides an effective defensive 

mechanism against distributed denial-of-service attacks. In 

addition, microservices increase fault isolation: if one 

service goes down, the remainder of the application can 

continue to function. A service mesh supplements this with 

resilience features such as automatic retries, timeouts, circuit 

breakers and fallbacks. Detected failures can be surfaced to 

application developers and operations teams, while detailed 

metrics support evaluation of application performance. 

Table 2: Risk Taxonomy in Insurance Claims 

Risk Type Description Example 

Fraud Risk Claims 

submitted with 

false or 

manipulated 

information. 

Fake accident 

claims 

Severity Risk Unexpectedly 

high payouts or 

settlements. 

Catastrophic 

property 

damage 

Operational 

Risk 

Failure in 

orchestration or 

workflow 

execution. 

Datacenter 

outage during 

DR event 

Compliance 

Risk 

Violation of 

privacy or AI 

governance 

rules. 

Improper use 

of claimant PII 

B. Data provenance and governance 
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Concepts of data provenance, lineage, and governance foster 

greater resilience and trustworthiness in cloud-native 

insurance platforms. Provenance refers to the origins of the 

data that drive an application, encompassing its ownership, 

associated storage costs, and governance policies. Data 

lineage describes the persistency of data almost propagating 

through a network of microservices, with a strong focus on 

data transformations and data quality. 

Data governance is a set of processes that manages the 

availability, usability, integrity, and security of the data 

employed in an organization. It ensures that data is 

consistent and trustworthy and does not get misused. 

Establishing organizational data governance enables 

authorities to assign roles and responsibilities to ensure data 

can be easily identified and accessed. Data governance is a 

key component for an enterprise in order to achieve its 

business goals in a sustainable, repeatable way. 

Data governance encompasses a set of responsibilities and 

practices implemented by the data steward and aimed at 

ensuring data quality throughout the life cycle of the data. A 

good data governance strategy defines who can take what 

actions with what data, and under what circumstances. 

Governance plays a major role in building trust in a system 

and in its data. Thus, data governance can also strengthen 

resilience by captivating the trust of all users in the use of a 

specific service. 

2. Fraud Risk Probability 

Start with weighted claim signals: 

𝑧 = 𝑤0 +𝑤1𝑥1 + 𝑤2𝑥2 +⋯+ 𝑤𝑛𝑥𝑛 

 

Convert score into probability using sigmoid: 

𝑃(𝐹𝑟𝑎𝑢𝑑 ∣ 𝑥) =
1

1 + 𝑒−𝑧
 

 

So: 

𝑃(𝐹𝑟𝑎𝑢𝑑 ∣ 𝑥) =
1

1 + 𝑒−(𝑤0+∑ 𝑤𝑖
𝑛
𝑖=1 𝑥𝑖)

 

 

Decision: 

𝑃(𝐹𝑟𝑎𝑢𝑑 ∣ 𝑥) > 𝜏𝐹 ⇒ Send to fraud investigator 

 

C. Scalability, resilience, and observability 

The cloud-hosted insurance platform must be engineered for 

massive scalability and resilience. Elastic microservices 

deployed in cloud regions—sometimes as far-flung as 

Sydney and São Paulo—must operate without a hitch, 

processing variable workloads that can surge during natural 

disasters and regional crises. The service mesh supporting 

these services must identify such surges in support of 

autoscaling. Frequent checks of service health by the mesh 

can result in rapid termination of unresponsive instances, 

while containers that pass health checks can be immediately 

called online. 

Open-source tooling supports support-of-support: including 

APM systems in the free tier of telemetry storage to monitor 

the single service with the largest development investment; 

gradually extending telemetry and monitoring across the 

platform until open-source proprietary clouds are advanced 

and stable enough to swing a whole combination of APMs 

into the free tier of support and monitoring; and providing 

telmetry for monitoring all the world regions in their own 

data-storing countries long before putting all the world 

regions on their own data-storing supporting company 

clouds. 

4. Generative AI Models for Claims 

Processing 
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Cloud-native insurance ecosystems can support a variety of 

AI-driven models for claims processing, including those for 

detection of anomalies, verification of fraud propensity, 

prediction of claim severity, and estimation of financial 

payouts. The development and deployment of such models, 

spanning their complete life cycle, must adhere to data 

privacy regulations, notably the GDPR in Europe and similar 

frameworks in other jurisdictions. Training requires data 

from past claims for which ground truth is known; privacy-

preserving techniques such as differential privacy may limit 

risk of exposure during model training, fine-tuning, and 

validation. 

In line with the microservice-oriented application 

architecture, the Generative AI models not only operate as a 

service but can also be integrated into processing workflows 

by means of a service-mesh orchestration layer that enables 

cloud-native Service Mesh architecture with built-in traffic 

management, monitoring, and security functions. Claims 

processing workflow definition language support facilitates 

integration of the models into claims management 

infrastructure such that they are invoked automatically 

whenever required. AI models specifically tailored to claims 

management should use propensity and severity as explicit 

input and output. The risk classification of a claim may 

constitute either an input or an output, depending on whether 

the purpose is to enable or check management of fraud risk 

and also, possibly, on the positioning of the other AI models 

along the claims life cycle. 

 

A. Data requirements and privacy safeguards 

Training and deploying generative AI models necessitate 

vast volumes of data. Nonetheless, much of the information 

collected in insurance claims is confidential, incorporating 

sensitive personal details about applicants and claimants, in 

addition to commercial secrets belonging to insurers’ 

customers. Large language models (LLMs) perform well 

even when trained on disparate data sources, but good-

quality generation typically requires at least some domain-

specific supervision. In particular, prompting with 

insurance-specific and/or claims-related knowledge — when 

included in training, fine-tuning, or running contexts — has 

been identified as a key factor affecting both the quality of 

LLMs' generation and a variety of downstream natural 

language processing tasks within the insurance domain. 

To assist data protection observance, a cloud-native 

insurance platform should be deployed in a zone architecture 

explicitly delineating confidential data, including personal 

information from claimants and commercial secrets 

belonging to other actors. Generative AI platforms and 

confident AI services should reside in separate zones, with 

connectivity only via zero-trust-brokered APIs, making PII- 

and CSI-based data blacklists (or, preferably, whitelists) 

easy to enforce. Critical data residing within the zone can 

also be redacted before training custom generative AI 

models based on open pretrained foundations, thus 

preventing inadvertent exposure of such information by 

model inference. 

Table 3: Roles of Generative AI in Claims Processing 

AI Capability Function in Claims 

Processing 

Anomaly Detection Detect suspicious claims 

using structured and 

unstructured data. 

Fraud Assessment Generate fraud risk 

scores for investigators. 

Severity Forecasting Predict claim severity 

and reserve 

requirements. 
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Payout Forecasting Estimate likely 

compensation values. 

Synthetic Data 

Generation 

Create realistic 

simulated claims for 

training and testing. 

B. Model training, fine-tuning, and evaluation 

Evaluation of machine learning models requires independent 

data, unknown to the model and withheld from the training 

process. Such data may be combined with scaling 

information to compute performance indicators. For 

instance, confusion matrices can help determine the 

truepositive rate (sensitivity), false-positive rate, predictive 

values, and Matthews correlation coefficient. However, 

evaluation comes only after model training, which seeks to 

optimize performance indicators, such as the F1 score for 

imbalanced datasets, shareholding value or residuals for 

fashionability prediction, and prediction intervals for 

uncertainty quantification. During training, labelled data 

may be split into disjoint sets that share the same 

distribution. Hyperparameter tuning, pre-training on 

auxiliary tasks, using signal encoder representations and data 

augmentation can all aid with training, reducing test loss and 

improving performance on the hold-out set. 

Generative models are typically trained on uncurated, 

potentially noisy datasets. However, the models are made 

safe and useful using multiple methods: (i) supervised fine-

tuning, (ii) reinforcement learning with human feedback, 

(iii) pretrained safety classifiers, (iv) repeatable human 

evaluations, (v) red teaming and adversarial evaluations. A 

large number of checkpoints, sampling diversity, contrastive 

learning objectives, adversarial training and use of difficult 

auxiliary tasks can also yield preferred models. Comparison 

of large language models has revealed different skill and bias 

distributions; the most capable models achieved lower-

fairness median rank. This suggests a need to carefully 

choose which model to deploy for a specific application and 

who bears the share of reputation risk. 

3. Claim Severity Forecast 

Severity depends on claim features, anomaly score, 

and fraud probability: 

𝑆 = 𝑓(𝑥, 𝐴, 𝐹) 

 

Linear derived form: 

𝑆 = 𝛽0 +∑𝛽𝑖

𝑛

𝑖=1

𝑥𝑖 + 𝛽𝐴𝐴(𝑥) + 𝛽𝐹𝑃(𝐹𝑟𝑎𝑢𝑑 ∣ 𝑥) 

 

Final: 

𝑆̂ = 𝛽0 +∑𝛽𝑖

𝑛

𝑖=1

𝑥𝑖 + 𝛽𝐴𝐴 + 𝛽𝐹𝑃𝐹  

 

Where 𝑆̂is predicted claim severity. 

C. Integration with claims workflows 

Postsettlement risk epidemiology, which tracks patterns and 

process constraints, enables claims organizations to 

proactively zone ripeness and health for miscellaneous 

expense recovery. During these future-casting efforts, 

statistical–semantic combinations yield all-encompassing 

web notifications for increasing varieties and varieties of 

criminals. The alerts then are integrated as a new clause in 

the claims-processing workflow to reshape claim-surge 

responses. 
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5. Orchestration of Risk Across 

Claims Lifecycle 

The Claims Risk Management Framework describes high-

level objectives for generative AI models across the claims 

lifecycle. The scope of risk orchestration encompasses fraud 

detection and assessment, severity and payout risk 

forecasting, and post-event claim integrity. These models 

and services can be interwoven into claims flows to augment 

the intuition and experience of adjusters and underwriters. 

Detecting anomalous claims reduces downstream severity 

and payout risks. Fraud risk assessment quantifies the risk of 

a claim being fraudulent and drives the response. Severity 

and payout risk forecasting assesses the severity level of 

claims and enables proactive reserve setting. The timely 

detection and mitigation of fraud also reduces the frequency 

of claims-related reputational events. 

Numerous tools are available to assess the anomalousness of 

new claims. Anomaly or outlier detection is a form of 

unsupervised learning, assuming knowledge of the normal 

behaviour of the system. Claims often contain discrete 

categorical, continuous, and free-text features. Thresholding 

on continuous features or rules-based systems on categorical 

features may be easy first steps. Scoring methods such as 

Mahalanobis distance can also be employed, as can 

clustering, PCA, and autoencoders. Temporal or 

geographical considerations may also guide judgments for 

insurance claims, and claims on the same event (or 

associated event in the case of cyber or contagion risk) can 

be clustered together. 

Table 4: Cloud-Native Architectural Components 

Component Purpose 

Microservices Break claims systems 

into independently 

scalable services. 

Service Mesh Manage secure 

communication, retries, 

and observability. 

API Gateway Control external 

communication and 

routing. 

OpenTelemetry Provide logs, traces, 

and metrics for 

observability. 

Zero-Trust APIs Protect sensitive 

insurance data. 

A. Detection of anomalous claims 

While most claims are genuine, certain aspects of the claim 

domain can simulate anomalous activity. Claims flagged as 

suspicious could be checked manually by experienced users 

or by rules based on previous analyses of anomalous claims. 
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Processing legitimate claims smoothly while filtering out 

nuisance claims can reduce costs while improving the 

customer experience. Even if a small percentage of claims is 

fraudulent, given the high volume, the total may add up to a 

sizeable amount, sometimes threatening the existence of a 

company. Fraudulent claims can take the form of completely 

false claims as well as cleverly crafted claims for loss of a 

minor amount. Responsibility for fraud can lie with an 

outside party, with collusion between the claimant and third 

parties such as repair shops, or with the claimant’s own 

family at least. The probability of fraud increases if there is 

a high concentration of incidents in a specific geographical 

area, a plausible link between the claim and the exposure 

covered, or other indicators, such as alert lists. 

To address such concerns, AI techniques allow the analysis 

of past claims for features that correlate with fraudulent 

behavior. For example, a high number of claims for a 

specific incident during a specific time span is a warning 

sign. Workflows can include sending an alert for human 

decision-making or adding intelligent decision rules to reject 

or approve the claim. Claims assessments in previous years 

can be used to determine red flags to screen claims and thus 

reduce fraud risk. Cameras and drones onboard vehicles and 

in buildings can collect image data to flag unusual situations. 

4. Expected Payout Forecast 

Payout depends on predicted severity, policy limit, 

deductible, and fraud adjustment. 

Raw payout: 

𝑃𝑟𝑎𝑤 = 𝑆̂ − 𝐷 

 

Apply policy limit: 

𝑃𝑙𝑖𝑚𝑖𝑡𝑒𝑑 = min⁡(𝐿,max⁡(0, 𝑆̂ − 𝐷)) 

 

Adjust for fraud risk: 

𝑃̂ = 𝑃𝑙𝑖𝑚𝑖𝑡𝑒𝑑(1 − 𝑃𝐹) 

 

Final payout equation: 

𝑃̂ = min⁡(𝐿,max⁡(0, 𝑆̂ − 𝐷))(1 − 𝑃𝐹) 

6. Governance, Ethics, and 

Compliance 

Responsible use of AI requires adherence to established 

principles, guidelines, and industry best practices. One pillar 

of responsible AI relates to its ordinated use in claims risk 

management, which resonates with Schneider et al. Overall 

acceptance of AI-based insurance solutions, especially in 

more sensitive areas such as claims handling, is additionally 

contingent on transparency, auditability, and explainability 

of the underlying models. Furthermore, Provenance checks 

are critical when declarative APIs are used, enabling 

complete audit trails of model requests and responses across 

stages. 

Compliance with established guidelines further fosters user 

trust. The European Commission’s Ethics Guidelines for 

Trustworthy AI outlines the essential requirements for 

trustworthy AI in four main areas—human agency and 

oversight, technical robustness and safety, privacy and data 

governance, and transparency. Trustworthiness is also an 

explicit objective of the OECD’s Principles on AI and the 

G20 AI Principles endorsed by finance ministers and central 

bank governors. These frameworks emphasize the need for 

responsible business conduct in all AI systems and 

underscore that trustworthy AI should be designed in a way 

that ensures responsibility and accountability for the AI 

systems and their outcomes. The influence of the OECD and 

G20 principles expands beyond Europe; the Financial 

Stability Board indicated its intention to advance the 

principles. 
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The European Union has been a forerunner in codifying such 

principles into regulation with its proposed Artificial 

Intelligence Act, which promotes the uptake of AI and 

digital innovation in a manner that respects fundamental 

rights and values. The Act is related to a set of European 

privacy regulations that promote individuals’ rights and 

interests in relation to their personal data and information. In 

insurance, special consumer protection regulations also 

apply and require implementing algorithms able to address 

general show grounds, such as fairness, nondiscrimination, 

the avoidance of social scoring, and the avoidance of 

unlawful data scraping. 

Table 5: Data Governance and Privacy Safeguards 

Governance Area Safeguard 

Data Provenance Track origin and 

ownership of data. 

Data Lineage Monitor transformations 

across workflows. 

Privacy-by-Design Embed privacy controls 

in architecture. 

Differential Privacy Protect sensitive training 

data. 

PII Redaction Prevent exposure of 

claimant information. 

A. Responsible AI and transparency 

Responsibility and ethics are pivotal in the design and 

operation of generative AI models. The underlying platforms 

must incorporate a wide range of best practices on 

responsible AI, starting with model-selection transparency 

and full disclosure of the available systems—including 

accomplished tasks and their limitations—built on the 

principle “often wrong, never uncertain.” Users must be 

appropriately trained to understand generative AI outputs, 

enabling them to approach results with the right degree of 

confidence and skepticism and not to use produced 

information uncritically. More generally, generative AI 

should not be used to replace or overrule human expertise 

but solely as an assistive and augmentative tool. 

Moreover, cloud-native insurance platforms must comply 

with established regulatory frameworks such as the 

European Union’s GDPR and its discussions with other 

countries on Transatlantic Data Privacy Framework 

principles. In particular, privacy-by-design, data 

minimization, and data retention principles must be applied 

to all applications and claims models, incorporating generic 

and industry-specific privacy regulations like the Health 

Insurance Portability and Accountability Act. Risk 

orchestration must also include transparency and 

auditability—essential for user understanding and trust—

enhanced by drillthrough capabilities that allow users to 

exploit the interaction model among generative AI, input 

data, and existing data sources. 

5. Risk Orchestration Score 

Combine anomaly, fraud, severity, payout, and 

cloud/service risk: 

𝑅 = 𝛼1𝐴 + 𝛼2𝑃𝐹 + 𝛼3𝑆̂ + 𝛼4𝑃̂ + 𝛼5𝐶 

 

Normalize if needed: 

𝑅∗ =
𝑅 − 𝑅𝑚𝑖𝑛

𝑅𝑚𝑎𝑥 − 𝑅𝑚𝑖𝑛

 

 

Decision routing: 

𝑅∗ < 0.3 ⇒ Auto approve 

0.3 ≤ 𝑅∗ < 0.7 ⇒ Human review 

𝑅∗ ≥ 0.7 ⇒ Fraud / severe-risk escalation 

7. Conclusion 

Generative AI technologies can improve the performance 

and efficiency of insurance platforms by addressing risk 

across the claims lifecycle. Risk orchestration within a 

holistic lifecycle framework identifies high-risk claims, 
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evaluates fraud risk, predicts claim severity and payout, and 

maps claims to supporting service resources. Cloud-native 

insurance platforms developed as microservices and service 

meshes enable scalable, resilient, and observable platform 

operation. A risk-oriented data-gathering paradigm for 

generative AI models ensures data privacy, provenance, and 

compliance. The need for responsible and compliant 

generative AI models must be met through transparent 

alignment with ethical considerations, regulatory 

frameworks, and risk-reduction procedures. 

Risk orchestration on cloud-native insurance platforms 

supports the implementation of generative AI models while 

aligning the model lifecycle with prevailing data governance 

and risk management practices. Data privacy breaches by 

such models can be reduced by ensuring that data 

governance, provenance, retention, quality, and security 

levels for model training and fine-tuning are consistent with 

risk requirements. Cloud-native architectures can also 

enable constant availability of compute resources, complete 

observability, and a high level of defence-in-depth against 

security breaches. 
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