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Abstract 

The growth of artificial intelligence applications in insurance fraud detection has 
triggered more regulatory attention to the issue of algorithmic decision-making 
systems, which have shown a lot of shortcomings in the traditional post-hoc 

regulatory framework and manual audit services when responding to the multiplicity 
and speed of AI-based decisions. One concept that will be introduced as a guiding 

principle of architecture is that governance-by-design should be ingrained into AI 
fraud detection systems as a component of the design and not as an afterthought. 
The framework below deals with governance issues of critical challenges caused by 

model obscurity, distributed system structures, and accountability ambiguity in 
hybrid human-machine decision systems. Organizations can establish a core position 

of governance as the central consideration of the system design to make sure that 
all system components that create, transform, or operate on fraud evaluations 
possess detailed provenance documents and embrace authorized interrogation of 

logic and data association. Architectural designs such as governance microservices, 
event-based audit trails, and policy enforcement points are dedicated audit trail 

management infrastructure, providing consistency in audit trail management across 
all elements of the system. The governance-by-design framework allows insurance 
organizations to implement ethical promises in a tangible technical manner, in 

support of trust relationships that are critical to the operation of an insurance market, 
in response to the changing regulatory demands of transparency and human 

supervision of consequential automated decisions. 
 
Keywords: AI Governance, Insurance Fraud Detection, Auditability, Accountability, 

Regulatory Compliance. 
 

1. Introduction 

The insurance sector has experienced significant change with the adoption of artificial intelligence, 

especially in its fraud detection services, where algorithmic processing replaces the application of human 

resources on large volumes of claims in various business lines. The Insurance Europe has recorded that 

fraud has been one of the greatest challenges in the European insurance sector, which cuts across all forms 

of insurance such as motor, property, health, and life insurance and that fraudulent activities involve 

opportunistic overstatement of property lost as a result of honest claims, as well as organized crimes 

involving fake accidents and contrived events [1]. These widespread fraud trends have pushed insurers to 

complex AI-based detection systems that can capture suspicious signs in various types of claims and across 

various channels of submission, so as to detect them on scales and speeds that cannot be done by human 

investigators alone. 
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This technology, however, comes with such deep-seated governance issues that modern oversight systems 

find it hard to deal with. The European Commission proposal for a Regulation of harmonised rules on 

artificial intelligence creates an elaborate regulatory framework that covers high-risk AI systems, such as 

risk management requirements, data governance requirements, transparency requirements, human oversight 

requirements, and conformity assessment processes, which have direct implications on AI applications in 

the insurance setting [2]. Such a regulatory effort represents an increasing amount of acknowledgment 

among jurisdictions that AI systems used in consequential areas need governance structures that are 

fundamentally unlike those which have been applied to traditional software applications, and that specific 

focus needs to ensure that automated decision-making concerning individuals is subject to substantial 

human controls and review. 

The current study seeks to curb the urgent requirement of proactive governance by advocating the notion 

of governance-by-design as an architectural requirement, and not an operational consideration. The value 

of the work is that it demonstrates a systematic approach to systematically incorporate auditability, 

accountability, and regulatory traceability into AI fraud detection systems, so that the issue of governance 

is taken into account at the beginning of system design in terms of system architecture, as well as during 

the stage of operational implementation and maintenance. 

 

2. Governance Challenges in AI-Based Fraud Detection 

The use of artificial intelligence to identify insurance fraud poses complex challenges of governance that 

cannot be addressed through the normal paradigms of software oversight and instead requires the 

redefinition of the way organizations can consider algorithmic accountability. Contemporary fraud 

detection algorithms make use of ensemble systems that integrate gradient boosting machines, deep neural 

networks and anomaly detecting algorithms that produce forecasts based on complex mathematical 

transformations over large quantities of features based on claim submissions, policyholder records, and 

external sources of data. The Organisation for Economic Co-operation and Development has already come 

up with the initial precepts of trustworthy artificial intelligence, which places importance on transparency 

and explainability in artificial intelligence systems, including stating that stakeholders must be capable of 

comprehending the results of AI systems and that there must be meaningful information pertinent to context 

about AI systems to allow stakeholders of the results to understand and challenge them [3]. This 

transparency demand is especially difficult when neural network structures with large parameters generate 

scores on fraud using non-linear functions that are difficult to understand intuitively even among technical 

experts who wrote the underlying models. 

The OECD principles also focus on the idea that the actors of AI must be responsible for the correct 

operation of AI systems, depending on the functions that they perform and the existing regulatory 

frameworks, and lay down the expectations of continuous monitoring, evaluation of effects, and mitigation 

of the harms that arise in the course of algorithmic activities [3]. These accountability expectations would, 

in insurance fraud detection scenarios, be so as to require thorough documentation of the model 

development choices, ongoing review of the operational performance, and a setup procedure on how to 

address instances where algorithmic decisions harm policyholders unjustifiably. 

The decentralization of the modern fraud detection system adds significant weight to these governance 

issues. Recent frameworks tend to separate fraud evaluation into dedicated microservices, which receive 

data, feature engineering, model inference, business rule application, and decision coordination, and their 

separate operational environments need to be coordinated to successfully govern them. The Artificial 

Intelligence Risk Management Framework of the National Institute of Standards and Technology is the 

extensive guidance that should be used in managing the risks related to the AI systems throughout the 

lifecycle, and the authors of the framework explain that the risk management of AI systems in practice 

needs to consider risks in technical, organizational, and societal contexts [4]. The framework specifies the 

characteristics of trustworthiness that encompass validity, reliability, safety, security, accountability, 

transparency, explainability, privacy, and fairness that, in combination, outline the expectations of 

responsible AI deployment. 
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The framework provided by NIST explains that AI systems need to be engineered with governmental tools 

that allow organizations to trace decisions, comprehend their foundation, and clarify their results to people 

involved and regulatory bodies [4]. This traceability requirement poses significant difficulties to distributed 

fraud detection architectures where the information of interest is stored in a variety of systems, databases, 

and other logging facilities that were not originally intended to be designed with end-to-end auditability. 

The need to provide explanations to regulators or policyholders about particular fraud findings often causes 

organizations to find that valuable data to construct complete lineages of decisions would entail matching 

events in different systems with dissimilar schemas of identifiers, different degrees of granularity of time, 

and varied data retention requirements. 

 

 
Fig 1: Governance Challenges Framework [3, 4] 

 

The issue of accountability distribution poses no less difficult challenges in the hybrid human-machine 

decision-making environments typical of modern insurance activities. The fraud detection systems are 

commonly designed to work in tiers of structure, in that the algorithmic evaluation is used to guide but not 

entirely define the decision of human adjudicators, creating ambiguity in responsibility assignment in cases 

where false fraud labels cause harm to policyholders. There are inquiries as to whether it is the responsibility 

of data scientists who created predictive models, the operations staff who set decision wizards, the business 

analysts who set feature specifications, or the adjusters who accepted algorithmic suggestions without 

further checking. 

 

3. Governance-by-Design: Conceptual Framework and Auditability Architecture 

Governance-by-design is a paradigmatic change in both compliance and responsive compliance to proactive 

integration of oversight mechanisms into system architecture to use auditability and accountability as core 

requirements, not optional features that are added to the core functionality. This model places a governance-

related concern at the heart of system design-decision-making, such that all the components that create, 

manipulate, or otherwise operate on fraud determinations can retain detailed provenance information and 

respond to authorized inquisition about their rationale and data relationships. IEEE Standards Association 

has also come up with IEEE 7000, a standard process model in addressing ethical issues in the design of a 

system that offers systemic methodology in incorporating ethical concerns, such as transparency, 

accountability, and human supervision, to autonomous and intelligent systems throughout its design [5]. 

This criterion defines mechanisms for determining and ranking the importance of ethical values to the 

stakeholders, mapping these values into system requirements, and ensuring that adopted systems meet 

ethical specifications throughout the system's life. 
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As the IEEE 7000 standard points out, ethical considerations must be given the same level of scrutiny as 

functional and performance requirements and implemented as part of the current systems engineering 

procedures, and not as an additional layer of governance that may not have enforcement mechanisms and 

organizational commitment [5]. This principle, applied to AI fraud detection, requires that auditability 

requirements be considered in the design of databases, their logging architectures, and the specifications of 

interfaces at the very outset of system design so that the governance capabilities are inherent in the system's 

structure and do not necessarily involve the heavy retrofitting or manual documentation efforts. 

The governance-by-design idea is based on the ideas of privacy-by-design, security-by-design, and other 

similar paradigms which assert the need to design systems with critical properties and not to solve them 

once the system has been deployed, by using operational controls. This orientation is to ensure that systems 

have in-built features to facilitate regulatory compliance, internal audit, and stakeholder transparency, 

which minimizes reliance on manual processes which can be inconsistently enforced or compromised 

during operational pressures. 

Auditability in AI fraud detection systems requires decision lineage capabilities enabling the complete 

reconstruction of how specific fraud determinations emerged from input data through algorithmic 

processing to outcomes. Research published in the ACM Conference on Fairness, Accountability, and 

Transparency proceedings addresses challenges of algorithmic auditing in high-stakes domains, examining 

methodologies for evaluating AI system behavior and identifying potential biases or errors in automated 

decision processes [6]. This scholarship emphasizes that effective algorithmic auditing requires capturing 

not merely final predictions but intermediate representations, feature contributions, and confidence 

measures enabling granular analysis of model behavior across different population segments and claim 

types. 

The FAccT research community has highlighted that audit capabilities must extend beyond technical 

logging to encompass organizational processes, ensuring that audit information is actually utilized for 

oversight and improvement purposes [6]. Organizations may implement a comprehensive logging 

infrastructure yet fail to establish review procedures, analytical capabilities, or accountability mechanisms 

necessary to derive governance value from captured information. Governance-by-design addresses this gap 

by mandating not only technical audit capabilities but also organizational processes and responsibilities, 

ensuring effective utilization of governance infrastructure. 

Logging strategies in microservice architectures require careful coordination to ensure decision traceability 

across service boundaries without creating performance bottlenecks or storage challenges that undermine 

operational viability. Each service should emit structured events capturing inputs received, processing 

performed, and outputs generated, with correlation identifiers enabling end-to-end trace assembly across 

distributed system components. Model versioning extends beyond source code management to encompass 

training data specifications, hyperparameter configurations, feature definitions, and performance metrics 

characterizing each model iteration, enabling precise identification of which model version governed any 

historical decision. 

 

Table 1: Auditability Components and Requirements [5, 6] 

 

Component Function IEEE 7000 Alignment Implementation 

Decision Logging Capture All Outputs Transparency Requirement Structured Events 

Model Versioning Track Model Changes Accountability Standard Artifact Repository 

Feature Tracking Document Transformations Explainability Mandate Metadata Catalog 

Provenance Records Maintain Data Lineage Traceability Principle Graph Database 

Correlation IDs Link Distributed Events System Integration UUID Generation 

Confidence Capture Record Uncertainty Risk Disclosure Score Logging 

 

4. Accountability Frameworks and Regulatory Traceability 
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To create transparent accountability of automated decisions, a systematic process must be undertaken to 

assign the responsibility of the automated decision by organizational roles, system elements, and the 

decision processes, and the results of the decision must be accountable even in the presence of autonomous 

functions of algorithmic systems. The accountability framework should have a perspective of future 

responsibility to maintain the right behavior of the system and future responsibility to correct the harms 

occurred due to wrong determination, where the authority and responsibility of all technical, operational, 

and business functions should be clearly defined and divided. Studies in the journal Frontiers in Artificial 

Intelligence consider responsibility systems in AI-based decision-making, which can investigate how 

organizations can balance responsibility delivery to sustain meaningful human control and enjoy 

algorithmic precision and predictability [7]. According to this scholarship, accountability is not a problem 

that can be adequately addressed in the after-the-fact manner but should be built into organizational 

structures and technical systems initially. 

According to the Frontiers research, successful accountability models need the firm documentation of the 

decision authority on every level of automated functions, well-defined policies on the escalation and 

override in case decisions made by algorithms should be reviewed by a human, and certain retrospective 

review capabilities to identify and rectify systematic mistakes [7]. The above requirements can be converted 

into clear policies that define the algorithmic results that can be automatically acted on, the ones that need 

human verification, and the ones that need to be further referred to the experts in the field of investigation 

or the management to review. 

The human responsibility in fraud detection with AI addition cuts across various functions of an 

organization, whose areas of responsibility should be defined and applied regularly. Data scientists are 

responsible for the practices of model development, such as training data selection, algorithm selection, 

fairness assessment, and performance validation, which involve the responsibility of ensuring that models 

operate as expected in the appropriate segments of the population without the introduction of discriminatory 

patterns. The operational staff that is keeping the production systems operational is in a position to be 

accountable regarding the integrity of deployment, by guaranteeing that approved model versions are 

properly executed and that the execution is properly monitored and alerted against anomalous performance. 

Business stakeholders who determine the fraud detection policies have the responsibility of providing 

accountability in terms of threshold settings, escalation criteria, and override authority, which converts the 

algorithmic scores into operational judgment that impacts policyholders. 

A study of the innate shortcomings of model interpretability, published on arXiv, discusses the basic issues 

surrounding the interpretation of complex machine learning model behavior and how they affect 

accountability in automated decision making [8]. This study has shown that the most common 

interpretability methods give partial or possibly deceptive accounts of the model behaviour that casts 

significant doubt on how accountability can be defined by technical explanatory mechanisms alone. The 

results indicate that the accountability schemes should not be restricted to the technical interpretability 

features but to the organizational procedures that guarantee that those with the right authority and expertise 

have significant control over the algorithmic activities. 

The research presented in arXiv highlights that the concept of interpretability ought to be interpreted in 

terms of being a sociotechnical problem, to entail the need to match technical explanation opportunities 

with human cognitive capabilities to comprehend and take action regarding the information provided [8]. 

Fraud detection systems adopted by organizations should not only take into consideration whether 

explanations can be generated, but also whether the explanations can be usefully applied by responsible 

human personnel to oversee the system and intervene as needed. This view supports the value of a 

governance-by-design solution that entails the consideration of accountability in technical and 

organizational aspects of the fraud detection operations. 

 

Table 2: Accountability Framework Allocation [7, 8] 
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Role Responsibility Domain Prospective Duty Retrospective Duty 

Data Scientists Model Development Fairness Validation Bias Investigation 

Operations Team System Deployment Performance Monitoring Incident Response 

Business Analysts Feature Specification Requirement Accuracy Impact Assessment 

Compliance Officers Regulatory Mapping Policy Enforcement Audit Support 

Adjusters Decision Execution Override Documentation Case Review 

Senior Management Strategic Oversight Resource Allocation Accountability Reporting 

 

Regulatory traceability would entail a systematic mapping of AI systems' behaviours and the relevant 

regulatory purposes, ensuring that organisations can demonstrate compliance by providing documented 

evidence as opposed to just stating it. This mapping should be able to deal with data protection laws of 

processing of personal information, insurance-specific laws of claims handling practices, and new AI-

specific laws that create transparency and accountability requirements. First-class system artifact 

Documentation is a first-class system artifact that raises compliance materials above bureaucratic overheads 

to the status of vital system components that are updated with the same diligence as real operational code 

to maintain accuracy and currency as necessitated by system configurations and operational data, and is 

automatically generated. 

 

5. Architectural Patterns and Implementation Considerations 

Adopting the principles of governance-by-design means that architectural patterns must be implemented to 

entrench auditability, accountability, and traceability into system design to make sure that governance 

capabilities are surfaced through underlying design choices and not across layers. Experiments on machine 

learning system architecture, which appeared in the Proceedings of Neural Information Processing Systems, 

study the accruing hidden technical debt in production machine learning systems and identify system 

architecture patterns that increase or reduce governance challenges [9]. This influential work shows that 

machine learning systems have unique architectural features that cause maintenance, monitoring, and 

governance issues not found in classical software systems and entanglement among model elements, hidden 

feedback loops, and unstated data dependencies that make it difficult to understand and control the behavior 

of the system. 

The NeurIPS study establishes that machine learning systems often build up technical debt through 

expediency in their design, where expediency in architecture is chosen over long-term maintainability and 

governance, leading to more difficult-to-audit, more difficult-to-modify, and more difficult-to-explain 

systems, as they age [9]. Governance-by-design is one way of handling this tendency, enforcing on design 

decisions the architectural qualities of auditability and accountability, and ensuring that expedient shortcuts 

that sabotage governance capabilities are detected in development and resolved during design instead of 

discovered in regulatory inspection or incident investigation. 

An example of governance microservices is specialized audit trail management, policy enforcement, and 

compliance reporting infrastructure that decouples these aspects of fraud detection logic, but produces 

similar application behavior across all system components. This separation of concerns allows the 

governance features to develop without the need to adjust the working model of serving infrastructure, and 

it can adapt to the changing regulatory needs without relying on the fraud detection algorithms. Event-

sourced audit trails are a notably strong form of governance-by-design, in which the changes in state of a 

system are represented as irrevocable event streams as opposed to the writable records in a database, with 

which the full historical observability of an audit trail makes it possible to reconstruct the state of the system 

at any given moment in time. 

The artificial intelligence and machine learning of the financial services by the Financial Stability Board 

offers a detailed analysis of governance implications of AI application in all applications in the financial 

sector, such as insurance [10]. This report highlights the fact that the financial institutions implementing AI 

systems should be focused on the management of model risk, data governance, and operational resilience 
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issues that may be beyond the general software oversight paradigm, and that the probability of AI systems 

creating or enhancing systemic risks is caused by correlated decision-making or procyclical behavior. 

The FSB analysis expresses that the optimal AI governance in financial services involves board and senior 

management involvement, well-defined accountability models, extensive documentation exercises, and 

sustained monitoring capacity that lets one discover model degradation or emerging risks [10]. These 

governance provisions are consistent with governance-by-design, which states that accountability and 

oversight must be defined as core organizational and technical capabilities, but not responded to through 

the implementation of reactive actions after negative incidents. 

Policy enforcement points define architectural sites where governance policies are regularly assessed and 

enforced, eliminating the opportunity to avoid them by using alternative code paths or configuration 

overrides. These enforcement locations apply policies for data access controls, model deployment 

approvals, threshold changes, and override authorities, and keep audit logs to show all policy considerations 

and enforcement activities. Audit trail integrity is preserved by secure and immutable logging against 

accidental and intentional corruption, and with append-only storage and cryptographic integrity 

verification, it is possible to notice any attempts to modify it. 

 

 
Fig 2: Governance-by-Design Architecture [9, 10] 

 

6. Ethical Implications and Organizational Considerations 

The ethical implications of governance-by-design go beyond compliance with regulatory requirements to 

include greater proportions of fairness, transparency, and confidence in AI-mediated insurance 

relationships. Embedded governance mechanisms allow organizations to make a concrete effort to 

operationalize ethical commitments by translating principles about non-discrimination, proportionality, and 

human dignity into enforceable system behaviors by establishing technical controls instead of aspirational 

policy statements. This technical realization of the ethical principles can give the stakeholders verifiable 

guarantees that the fraud detection systems are functioning within set limits in facilitating the relationships 

of trust that are fundamental to the insurance market operations and the confidence of the policyholders. 
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The enabling role of governance-by-design is a response to increasing societal apprehension over the 

consequences of algorithmic decision-making in consequential areas, which hold individual well-being and 

wealth, respectively. The policyholders are becoming more aware that AI systems will have a role in 

decision-making around their coverage, claims, and premiums, creating expectations of transparency and 

accountability that conventional insurance activities were seldom challenged. Companies that exhibit strong 

governance practices place themselves in a better position in markets where consumer trust is a source of 

competitive advantage, whereas those with governance failures face a risk of reputational loss, regulatory 

action, and loss of customer relationships. 

Effective implementation of governance-by-design will also have organizational maturity prerequisites that 

go beyond technical ability to include cultural and procedural aspects that will establish whether governance 

infrastructure is really accomplishing its intended oversight goals. Implementation necessitates successful 

involvement of the executive, through governance investment, cross-functional interaction among 

technology, compliance, and business functions, and workforce strengths to maintain governance system 

operation, maintenance, and use. The companies also need to establish governance-related skills, such as 

audit trail analysis, regulatory mapping, compliance demonstration, and incident investigation skills, that 

can supplement conventional insurance and technology skills. 

Areas of future research are standardized AI audit frameworks that allow similar evaluation across 

organizations and jurisdictions, automated compliance validation using AI methods of validating system 

compliance with governance requirements on an ongoing basis, and cross-organizational governance 

models involving situations where fraud detection capabilities can extend across multiple organizations 

through industry consortia, vendor relationships or regulatory data sharing agreements. 

 

Conclusion 

Governance-by-design is a building block of AI-based insurance fraud detection systems, showing how 

auditability, accountability, and regulatory traceability may be adopted as a part of system architecture, and 

not as a set of post-hoc measures implemented after core functionality is fully operational. The framework 

resolves the issues of governance that may occur due to the model opaqueness, distributed architectures of 

a system, ambiguity in accountability, and the dynamism of expectations in regulations by building 

systematic architectural patterns and implementation strategies based on the accepted standards. It is 

important to integrate governance considerations in early system design because it is relatively challenging 

and expensive to add governance functionality to systems that were not initially designed with governance 

requirements. Governance-by-design must become an architectural necessity, but not an optional upgrade, 

in organisations pursuing AI fraud detection projects, as regulatory expectations and pressure on 

transparency and accountability are going to grow as AI systems play more consequential roles in insurance 

policy decisions that impact policyholder welfare. The long term effects of responsible AI within the 

insurance sector go beyond the individual organizational compliance to include a transformation of the 

industry to higher standards of transparency, accountability and trustworthiness that would be of benefit to 

the policy holder in terms of increased fairness and recourse, regulators in terms of greater oversight 

capacity, and the insurers in terms of greater trust and reduced compliance risk. 
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