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Abstract:

The insurance industry is currently undergoing a systemic transition from traditional actuarial
methodologies to high-dimensional, Artificial Intelligence (AI)-driven underwriting frameworks. This
shift, while promising significant advancements in predictive accuracy, operational efficiency, and
customer personalization, introduces a complex matrix of regulatory and ethical challenges. This report
examines the evolution of Al in the underwriting lifecycle, highlighting the move from Generalized Linear
Models (GLMs) to opaque deep learning and ensemble architectures. It provides a comprehensive analysis
of the global regulatory response, including the European Union’s Artificial Intelligence Act (EU Al Act),
the United States National Association of Insurance Commissioners (NAIC) Model Bulletin, and the
United Kingdom’s conduct-focused supervisory approach. Key issues such as algorithmic bias, "digital
redlining," the "black-box" problem, and the potential erosion of risk mutualization are explored in depth.
Furthermore, the paper delineates a strategic roadmap for insurers, emphasizing the implementation of
robust Artificial Intelligence Systems (AIS) Programs, Explainable Al (XAI) methodologies, and
proactive capital management in accordance with Solvency II and other prudential frameworks. The report
concludes that the sustainable integration of Al in underwriting necessitates a "predict and prevent" model
that prioritizes transparency and ethical accountability as highly as predictive power.
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Introduction

The insurance sector is currently navigating a profound structural transformation, characterized by a
decisive move away from historical, manual-intensive underwriting toward a digital-first paradigm
powered by artificial intelligence and high-dimensional data analytics. This transformation is driven by
the dual pressures of achieving operational efficiency in a hyper-competitive market and responding to
the increasing complexity of global risks, ranging from climate change to public health crises. Historically,
underwriting has been the core process of assessing and pricing risks based on historical data and actuarial
experience. However, the advent of Al and Machine Learning (ML) has fundamentally reshaped this
practice, enabling insurers to process fragmented data from telematics and medical records to
socioeconomic proxies with a level of precision and speed previously unattainable.

The adoption of Al in underwriting offers transformative opportunities, including the potential to reduce
operational costs by as much as 50% and quote cycle times by up to 90%. Despite these gains, the shift
toward automated decision-making introduces significant systemic risks. The complexity that grants Al
its predictive power often results in "black-box" architectures, where the rationale behind a specific
premium hike or coverage denial is hidden even from the developers themselves. This opacity creates a
friction point with existing regulatory frameworks designed to ensure fairness, transparency, and
accountability. As Al systems begin to interact directly with customers or autonomously influence
financial outcomes, the potential for algorithmic bias, unintentional discrimination, and the exclusion of
vulnerable socioeconomic groups becomes a central concern for regulators and industry leaders alike.
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In response, a fragmented yet increasingly prescriptive global regulatory landscape is emerging. The
European Union has designated life and health insurance underwriting as "high-risk" under the EU Al
Act, imposing rigorous requirements for data governance, human oversight, and transparency. In the
United States, the NAIC has introduced a Model Bulletin focusing on the implementation of formal
governance programs and board-level accountability. Meanwhile, the United Kingdom continues to rely
on its principles-based "Consumer Duty" while exploring Al-specific stress testing. For insurers, the
challenge is no longer just technological; it is a matter of integrating ethical and regulatory considerations
into the very fabric of their Al governance frameworks. This report explores these challenges in detail and
provides a roadmap for insurers to achieve "glass-box" transparency while maintaining a competitive edge
in the algorithmic economy.

The Technological Transformation of Underwriting

The integration of Al into the underwriting value chain is not a singular event but a multi-layered adoption
of specific technologies tailored to different phases of the insurance lifecycle. Traditional underwriting
was often hamstrung by data fragmentation and manual processes, where underwriters were forced to
compile information from emailed PDFs, physical motor vehicle records, and "antiquated faxes". This
manual compilation was not only labor-intensive but also prone to inconsistencies and errors. Modern Al
addresses these challenges by acting as a digital assistant capable of digesting and synthesizing
information from diverse sources into a unified, searchable summary of an applicant's health and history.

Data Aggregation and Processing

The first stage of this transformation involves the use of Optical Character Recognition (OCR) and Natural
Language Processing (NLP) to automate the collection of evidence. Al tools can decipher messy
handwriting in medical files and auto-fill application data, cutting weeks of waiting time for policy
decisions. In the life insurance sector, this automation allows underwriters to shift their focus from clerical
tasks to the review of complex cases. Furthermore, the proliferation of novel data sources—including
wearable wellness data, genetic testing, and telematics has expanded the risk landscape. While traditional
guidelines struggled to interpret two years of Fitbit data or a genetic predisposition to a specific illness,
machine learning models excel at finding correlations in these large datasets to update risk models
dynamically.

From Actuarial Models to Deep Learning

There is a significant technical shift occurring from Generalized Linear Models (GLMs) to more
sophisticated ensemble and deep learning architectures. Most traditional carriers still rely on GLMs, which
limit their ability to detect non-linear relationships between risk factors. In contrast, digital-first insurers
leveraging high-dimensional data integration achieve significantly improved loss ratios. For instance, in
automotive insurance, the incorporation of telematics data—such as mileage driven, speed limits
exceeded, and road types frequented—allows for the creation of highly personalized driver risk profiles.
Actuarial research has demonstrated that integrating these data-driven neural network approaches with
traditional risk factors results in superior predictive models for claim frequency prediction.
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Underwriting Traditional Approach Al-Enhanced Approach
Component
Data Sources Standardized medical exams, Telematics, wearables, IoT, and
MVRs, and Rx history. socioeconomic proxies.
Data Format Fragmented PDFs, physical Unified, searchable digital
mail, and faxes. summaries via OCR and NLP.
Risk Modeling Generalized Linear Models Deep Neural Networks (DNN),
(GLMs). XGBoost, and Agentic Al
Decision Speed Manual review taking days or Real-time automated quotes and
weeks. "next best action" assistance.
Pricing Strategy Cohort-based risk pools and Hyper-personalized, granular
mutualization. segmentation.

The rise of Generative Al (Gen Al) has further accelerated this adoption. By February 2026, nearly two-
thirds of European insurers were already actively using Gen Al, primarily for back-end productivity such
as data extraction from medical reports and content generation for contracts. While current applications
are often in the proof-of-concept stage, the industry is moving toward "Agentic AI" - autonomous
applications that can replace limited chatbots with sophisticated decision-making entities that require
minimal human intervention.

Global Regulatory Landscapes: A Comparative Analysis

As Al adoption scales, regulators are shifting from high-level ethical principles to prescriptive
frameworks. The regulatory environment for Al-driven underwriting is currently characterized by a lack
of harmonized global standards, creating a complex compliance landscape for multinational insurers.

The European Union: The EU Al Act and Solvency 11

The European Union has established the most robust regulatory framework for Al through the EU Al Act,
which came into force in August 2024. The Act follows a risk-based approach, classifying Al systems into
four categories: unacceptable, high, limited, and minimal risk. Crucially, Al systems used for risk
assessment and pricing in life and health insurance are designated as "high-risk". This classification stems
from the potential for automated decisions to significantly impact an individual's access to financial
protection and fundamental rights.

Insurers operating in the EU must comply with a comprehensive set of requirements for high-risk systems:

° Fundamental Rights Impact Assessment (FRIA): Before deploying an Al system, insurers must
assess its potential impact on consumer rights and safety.

° Data Governance and Bias Mitigation: Providers must ensure that training, validation, and
testing datasets are complete, accurate, and free from biases that could lead to unlawful discrimination.

° Transparency and Explainability: Systems must be designed to be sufficiently transparent to
allow users to interpret the output and provide meaningful explanations to consumers.

° Human Oversight: High-risk AI must be subject to human-in-the-loop guardrails to ensure that

autonomous decisions do not deviate from safety or ethical standards.

To avoid regulatory overlaps, the EU Al Act introduces limited derogations for insurers already subject
to the Solvency II Directive. This means that Al risk management should be integrated into existing
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prudential frameworks, such as the Own Risk and Solvency Assessment (ORSA). Despite these
derogations, non-compliance carries severe penalties, with fines potentially reaching €30 million or 7%
of total worldwide annual turnover.

The United States: NAIC Model Bulletin and State-Based Regulation

In the United States, insurance regulation remains primarily at the state level under the McCarran-
Ferguson framework. The National Association of Insurance Commissioners (NAIC) has taken a proactive
role in coordinating state-level Al oversight, adopting a Model Bulletin on the "Use of Artificial
Intelligence Systems by Insurers" in December 2023. This bulletin has been adopted by approximately 24
states and Washington, D.C., as of late 2025.

The NAIC Model Bulletin emphasizes that existing insurance laws including those prohibiting unfair trade
practices and unfair discrimination apply to Al systems. It sets clear expectations for insurers to develop,
implement, and maintain a written "AIS Program" for the responsible use of AI. This program must
include:

1. Governance Framework: Documented policies and internal controls, with clearly defined
responsibilities for stakeholders in actuarial, data science, and compliance departments.
2. Risk Management: Robust controls for validation, testing, and retesting of Al outputs to ensure

data integrity and prevent "Adverse Consumer Outcomes".

3. Third-Party Oversight: Insurers remain fully responsible for Al models and data provided by
third-party vendors, requiring rigorous vendor diligence and contractual audit rights.

4. Board Accountability: The program must demonstrate senior management and board-level
oversight of Al strategy and risk.

Recent developments in the US also include a 2025 Executive Order that sought to ease federal oversight
of Al to promote innovation, sparking a debate between federal authorities and state regulators over the
balance of consumer protection and global competitiveness.

The United Kingdom: Principles and the Consumer Duty

The United Kingdom has opted for a more flexible, sectoral approach led by the Financial Conduct
Authority (FCA) and the Prudential Regulation Authority (PRA). Rather than introducing a horizontal Al
law like the EU, the UK relies on existing regulatory frameworks, such as the Senior Managers and
Certification Regime (SM&CR) and the Consumer Duty. The FCA’s Consumer Duty requires insurers to
deliver good outcomes for consumers, specifically regarding product value, consumer understanding, and
support.

In early 2026, the FCA announced a review into how Al advances transform retail financial services,
focusing on underwriting and claims processing. To support innovation, the FCA has launched an "Al
Live Testing" service and a "Supercharged Sandbox," allowing firms to trial Al solutions in a safe
environment before full deployment. However, the Bank of England and legislative committees have
expressed concerns that a "wait-and-see" approach could expose the financial system to Al-driven market
shocks, calling for Al-specific stress testing by the end of 2026.

Core Regulatory and Ethical Challenges
The transition to Al-driven underwriting introduces several categories of risk that are fundamentally
different from those managed in traditional actuarial environments.

1. Algorithmic Bias and Digital Redlining
One of the most pressing ethical issues is algorithmic bias. Since Al models learn from historical data, any
embedded societal prejudices—such as gender, racial, or socioeconomic bias—can be unintentionally
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reinforced. In underwriting, this often manifests as "proxy discrimination," where the model uses
seemingly neutral variables that correlate strongly with protected characteristics. For example, a model
trained on biased datasets might offer higher premiums or deny coverage to individuals based on their
occupation or geographical location, even if those factors are not directly related to their individual risk
profile.

A seminal study on algorithmic bias in life and health insurance found that premiums for the bottom-
income quintile exceeded fair benchmarks by 5.8% in life insurance and 7.2% in health insurance.
Furthermore, while advanced machine learning models like XGBoost provide a significant accuracy gain
over traditional models, they can triple the "equalized odds gap," indicating a much higher potential for
bias. This concern has led to significant litigation, such as the Kelly v. State Farm case in Alabama, where
policyholders alleged that "cheat and defeat" AI algorithms disproportionately impacted non-white
policyholders during claims processing.

Type of Bias Mechanism in Potential Impact
Underwriting
Historical/Representational Model reflects past Systemic exclusion of
societal inequities in data. marginalized groups from
coverage.
Selection/Measurement Biased data sampling or Unfair premium hikes for
inaccurate feature specific demographics.
definition.
Algorithmic/Optimization Minimizing empirical risk Accuracy gains at the
without fairness expense of "actuarial
constraints. fairness".
Feedback/Emergent Model outputs influence Reinforced "digital
future data collection. redlining" cycles in high-risk
zones.

2. The Transparency Gap and the ""Black-Box" Problem

The inherent complexity of deep learning systems makes them "black boxes," producing outputs that are
difficult for even their creators to explain. In underwriting, where automated risk assessments directly
affect a consumer's financial outcome, this lack of explainability is a major regulatory barrier. Regulators
increasingly demand that decisions be interpretable and auditable to ensure they are technically sound and
ethically defensible.

The Bank for International Settlements (BIS) has highlighted that the lack of explainability can give rise
to prudential concerns, as results that cannot be reproduced cannot be critically assessed by supervisors.
This opacity also complicates compliance with the GDPR’s "right to explanation" for automated decisions.
In the insurance context, insurers must be able to explain how an algorithm arrived at a specific decision,
particularly in denial scenarios, to maintain consumer trust and avoid accusations of arbitrary or capricious
decision-making.

3. The Erosion of Risk Mutualization and Solidarity

Insurance has traditionally been built on the principle of solidarity—the idea that the "premiums of the
many pay the claims of the few". However, Al enables a level of risk segmentation and personalization
that challenges this core principle. As insurers gain the ability to price risk with extreme precision, they
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can offer lower premiums to low-risk individuals while significantly increasing costs for high-risk
individuals.

In the extreme, this granularity could lead to "perfect segmentation," where high-risk individuals become
uninsurable, effectively fragmenting the risk pool and eroding collective protection. This creates a tension
between "actuarial fairness"—the demand that each policyholder pays only for their own risk—and social
"solidarity," which calls for equal contribution to the pool to ensure broad affordability. Regulators are
concerned that technology, rather than providing economic opportunity, could drive a wedge between
different socioeconomic groups by making essential coverage unaffordable for those who need it most.

Prudential Impacts and Capital Requirements

The regulatory focus on Al is not limited to consumer protection; it increasingly encompasses prudential
supervision and capital adequacy. Algorithmic bias and model failure are now viewed as solvency-relevant
liabilities.

Solvency Capital Requirement (SCR) Deltas

Research indicates that the implementation of fairness mitigation strategies—such as re-weighing, reject
option classification, and adversarial debiasing—can close 65-82% of identified fairness gaps. However,
these corrections are not "free." Implementing fairness constraints can raise an insurer's capital
requirements by up to 4.1% of own funds. Proactive adversarial debiasing is considered the most "capital-
efficient" pathway, as it preserves predictive power while reducing unfairness below the Al Act’s
materiality thresholds.

Regulatory Penalties vs. Rectification Costs

Insurers must weigh the cost of model rectification against the risk of regulatory fines. Simulations show
that the expected fines under the EU Al Act exceed the costs of proactive model debiasing once the
probability of supervisory detection surpasses 9%. This "break-even" point shifts even lower as firms
update their perceptions of risk following high-profile enforcement events, strengthening the business case
for early and robust compliance.

Capital Component Impact of Al Bias Mitigation Effect
SCR (Solvency Capital Bias in risk pools inflates Fairness adjustments can cause
Requirement) loss-ratio volatility. SCR deltas of ~28 bps.
ORSA Al represents a new, Stress testing for "feature
unquantified operational risk. excision" is now required.
Compliance Liability Potential for €35M fines or Proactive debiasing is "strictly
7% of turnover. cheaper" than expected fines.

Strategic Roadmap: How Insurers Can Prepare

To navigate the complex regulatory environment and mitigate the risks associated with Al-driven
underwriting, insurers must adopt a multi-disciplinary approach that integrates technical, legal, and
organizational controls.

1. Developing a Robust AIS Program

In line with NAIC expectations, insurers should implement a formal Artificial Intelligence Systems (AIS)
Program. This program should not be a static document but a living governance framework that covers
the entire Al lifecycle.
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e Inventory and Classification: Insurers must maintain a comprehensive inventory of all Al systems,
including third-party models, and classify them based on their risk level and impact on consumers.

e Governance Structure: Establish cross-functional teams involving stakeholders from actuarial, data
science, compliance, and legal departments. These teams should have defined responsibilities and
decision-making powers regarding Al deployment.

e Technical Documentation: Maintain detailed records of model development, including data lineage,
feature engineering, and validation results, to ensure auditability.

2. Investing in Explainable AI (XAI)

To bridge the transparency gap, insurers should transition from "black-box" to "glass-box" architectures

through XAI This allows stakeholders to understand the reasoning behind Al-driven decisions and

identify potential biases before they lead to adverse outcomes.

e SHAP and LIME: Use techniques like SHAP (Shapley Additive Explanations) and LIME to quantify
the contribution of specific variables to individual underwriting decisions.

e Counterfactual Explanations: Provide consumers with "what-if" scenarios (e.g., "If your activity
level increased by 10%, your premium would decrease by 5%") to enhance transparency and trust.

e Rule Extraction: Use knowledge distillation to convert complex models into smaller, manageable
sets of association rules that are easily understandable by non-technical staff and regulators.

3. Implementing Algorithmic Auditing and Assurance Levels

Insurers should adopt a structured approach to algorithmic auditing, moving beyond simple "checkbox"

exercises toward rigorous verification of safety and security claims. A useful framework is the "Al

Assurance Levels" (AAL), which calibrates the depth of an audit based on the riskiness of the system.

e AAL-1 (Limited): Time-bounded assessments of specific systems using API access.

e AAL-2 (Moderate): Holistic assessments of company-wide practices, involving internal
documentation and staff interviews.

e Ongoing Monitoring: Continuously monitor models for "drift" (decline in performance over time)
and bias, conducting regular "equity audits" to ensure fairness across customer segments.

4. Strengthening Vendor and Third-Party Management

Given the heavy reliance on third-party Al providers, insurers must enhance their vendor diligence

processes. The insurer remains legally responsible for any Al-driven decision, regardless of whether the

model was built in-house or purchased off-the-shelf.

e Contractual Protections: Ensure contracts include audit rights, requirements for data quality, and
transparency regarding model logic.

e Independence: Avoid "grading your own homework" by utilizing third-party auditors to verify the
safety and security claims of frontier Al developers.

Future Outlook: Moving Toward '"Predict and Prevent"

The ultimate goal for insurers should be the transition to a "predict and prevent" model of underwriting.
In this paradigm, Al is used not just to segment and price risk, but to actively help policyholders mitigate
it. For example, Al-driven wellness programs or telematics-based driver coaching can create a virtuous
cycle where lower risks lead to lower premiums, benefiting both the insurer and the insured.

This future depends on achieving a balance between innovation and regulation. While stricter regulations
may increase compliance burdens, they also provide the foundation of trust necessary for the widespread
adoption of Al. By embracing transparency, fairness, and robust governance, insurers can navigate the
current regulatory challenges and lead the industry into a more equitable and efficient digital era.
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Conclusion

The adoption of Al in underwriting is an irreversible trend that offers immense potential for efficiency
and precision. However, this progress is accompanied by significant regulatory challenges, primarily
regarding algorithmic bias, transparency, and the potential erosion of the principle of solidarity. As global
regulators move from abstract principles to prescriptive requirements—exemplified by the EU Al Act and
the NAIC Model Bulletin—insurers must proactively adapt their governance and risk management
frameworks.

Preparation requires a multi-dimensional strategy: implementing formal AIS Programs, investing in
Explainable Al to eliminate "black-box" opacity, and integrating Al risks into prudential capital
management. Furthermore, insurers must recognize that they retain full accountability for decisions made
by third-party systems. By fostering a corporate culture that prioritizes ethical Al and consumer protection
as highly as predictive accuracy, insurers can not only achieve regulatory compliance but also build the
long-term public trust necessary to thrive in the algorithmic economy. The future of insurance lies in a
"glass-box" approach where advanced technology serves as a tool for both financial innovation and social
equity.
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