
Current and Future Impact of Agentic AI in 
Insurance
The insurance industry stands at a pivotal inflection point. While Generative AI revolutionized content creation and 
summarization in 2023-2024, 2025 marked the arrival of Agentic AI—autonomous systems capable of reasoning, planning, 
and executing complex workflows with minimal human intervention. Unlike their predecessors, these "agents" do not merely 
draft emails or summarize policies; they actively settle claims, negotiate with vendors, and underwrite risks by orchestrating 
tools and making decisions.

This comprehensive research document analyzes the seismic shift toward autonomous agents in insurance. While market 
valuations for the agentic niche are still emerging, research indicates a rapid adoption curve, with 22% of insurers planning to 
have agentic AI solutions in production by the end of 2026. Early adopters like Allianz, Lemonade, and Zurich are already 
witnessing claim processing times drop from days to hours or even minutes, with industry-leading settlement records 
occurring in as little as two seconds.

However, this transition is not without peril. The "black box" nature of autonomous decision-making clashes with strict 
regulatory frameworks like the EU AI Act (fully enforceable for high-risk systems by August 2026) and the NAIC Model 
Bulletin in the US. Insurers face a dual challenge: integrating agents into brittle legacy infrastructures while maintaining 
"meaningful human control" to avoid regulatory penalties and systemic bias.

Rick Spair | DX Today | February 2026



Key Takeaways

From Chat to Action
Agentic AI moves beyond "copilots" to "autopilots" that 
can execute API calls, update databases, and issue 
payments autonomously.

Operational Efficiency
Multi-agent systems are reducing claims cycle times 
from days to minutes, revolutionizing customer 
experience.

Regulatory Urgency
August 2026 is a hard deadline for EU compliance; US 
carriers must adopt AIS Programs immediately.

Strategic Imperative
Insurers must treat AI agents as a new workforce tier, 
requiring distinct governance, onboarding, and 
management strategies.



The Agentic Shift: A New Era
For decades, the insurance value chain—underwriting, claims, and service—relied on a "human-centric, machine-assisted" 
model. Rules-based automation handled repetitive data entry, while humans made decisions. The introduction of Large 
Language Models brought a "human-in-the-loop" copilot era. Now, we are entering the Agentic Era, defined by autonomous 
goal seeking.

It is critical to distinguish Agentic AI from Generative AI. Generative AI creates content based on prompts—it is passive and 
reactive. A chatbot summarizing a policy document exemplifies this approach. In contrast, Agentic AI possesses agency. It 
perceives its environment, reasons about how to achieve a goal, breaks that goal into sub-tasks, uses tools like calculators 
and CRMs, and acts decisively.

Consider this example: An AI system notices a claim, verifies the policy, pulls weather data to confirm the event, calculates 
the payout, and initiates the bank transfer—all without human intervention. In 2026, this is not science fiction; it is the engine 
behind Project Nemo at Allianz and AI Jim at Lemonade. These systems operate as digital employees, collaborating in multi-
agent architectures to solve complex problems previously requiring human cognition.

The shift represents a fundamental change in how insurance companies operate, moving from assistance to autonomy, from 
augmentation to automation. This transformation requires insurers to rethink their entire operational model, from technology 
infrastructure to workforce planning, from risk management to customer engagement strategies.



Defining Agentic AI
Generative AI

Passive & Reactive

Creates content (text, code, images) based on prompts. 
Requires human direction for every action.

Example: A chatbot summarizing a policy document or 
drafting an email response.

Agentic AI

Active & Autonomous

Possesses agency to perceive environment, reason about 
goals, break tasks into sub-tasks, use tools, and execute 
actions.

Example: An AI system that processes a claim, verifies 
policy, pulls external data, calculates payout, and initiates 
payment—all autonomously.



Historical Evolution of Insurance AI
11990s-2010s: Digitization & RPA

Paper-to-digital conversion, OCR, and rigid 
"if/then" rules. Fragile systems that broke with any 

deviation from programmed rules. 2 2010s-2022: Predictive Analytics
Machine learning models for risk scoring and fraud 
detection. Still required human decision-making for 
final actions.32023-2024: Generative AI

Large Language Models revolutionize content 
creation, summarization, and customer service 

through chatbots and copilots. 4 2025-2026: Agentic AI
Autonomous systems capable of end-to-end 
process execution, multi-agent collaboration, and 
complex decision-making.

This evolution represents a progression from automation of tasks to automation of thinking. Each era built upon the previous, 
but the leap to Agentic AI represents a qualitative change—not just doing things faster, but doing things differently. The shift 
from digitization to agency mirrors the broader technological evolution from computation to cognition, from tools that extend 
human capability to systems that replicate and sometimes exceed human reasoning in specific domains.



Era 1: Digitization and Robotic Process 
Automation
The first wave of insurance automation focused on converting paper-based processes to digital workflows. Optical Character 
Recognition technology enabled the scanning and digitization of documents, while Robotic Process Automation tackled 
repetitive, rule-based tasks such as data entry, policy issuance, and basic claim validation.

These systems operated on rigid "if/then" logic. If a claim amount was below a certain threshold and all required documents 
were present, then approve it. If not, route to human review. While this approach delivered efficiency gains for straightforward 
cases, it proved fragile when faced with exceptions or edge cases. Any deviation from the programmed rules would cause 
the process to fail, requiring manual intervention.

The limitations of this era became increasingly apparent as customer expectations rose and competitive pressures 
intensified. Insurers found themselves with digital infrastructure that could handle simple tasks efficiently but struggled with 
the complexity and variability inherent in insurance operations. The promise of straight-through processing remained largely 
unfulfilled for all but the most routine transactions.

Despite these limitations, the digitization era laid crucial groundwork for future innovation. It established digital data flows, 
created APIs for system integration, and familiarized the workforce with technology-enabled processes. These foundations 
would prove essential as the industry moved toward more sophisticated AI implementations.



Era 2: Predictive Analytics and Machine Learning
The second wave introduced statistical machine learning models that could identify patterns in historical data and make 
predictions about future outcomes. Insurers deployed these models for risk scoring, fraud detection, price optimization, and 
customer churn prediction. Unlike rigid rules, these models could handle complexity and learn from new data.

However, predictive analytics remained fundamentally a tool for human decision-makers. A fraud detection model might flag 
suspicious claims with confidence scores, but humans still reviewed the evidence and made final determinations. An 
underwriting model might recommend premium adjustments, but underwriters retained authority over policy issuance. The 
human remained firmly in the loop, using AI insights to inform but not replace judgment.

This era also introduced challenges that would persist into the agentic age. Model interpretability became a concern as 
algorithms grew more complex. Questions about bias in training data and algorithmic fairness emerged. Regulators began 
scrutinizing the use of certain variables in pricing and underwriting decisions. These early governance challenges 
foreshadowed the more acute regulatory pressures that Agentic AI would face.

Nevertheless, the predictive analytics era demonstrated AI's potential to improve insurance operations. It showed that 
machines could process vast amounts of data and identify subtle patterns that humans might miss. It built organizational 
capability in data science and model development. Most importantly, it accustomed insurers to the idea that algorithms could 
contribute meaningfully to core business processes, setting the stage for more autonomous systems.



Era 3: Generative AI and Copilots
The emergence of Large Language Models in 2023-2024 brought a quantum leap in AI capabilities. These systems could 
understand and generate human-like text, making them ideal for customer service, document analysis, and content creation. 
Insurance companies rapidly deployed chatbots that could answer policy questions, virtual assistants that could help 
customers file claims, and tools that could summarize lengthy documents or draft correspondence.

The "copilot" paradigm defined this era. AI systems worked alongside humans, handling routine inquiries and administrative 
tasks while escalating complex issues to human experts. A claims adjuster might use a GenAI tool to draft a settlement letter, 
review the output, make edits, and send it. An underwriter might ask an AI assistant to summarize application materials, then 
use that summary to make underwriting decisions. The human remained firmly in control, with AI serving as a powerful 
assistant.

Generative AI delivered immediate value. Customer service chatbots could handle high volumes of routine inquiries, freeing 
human agents for complex cases. Document analysis tools could process policy applications in seconds rather than hours. 
Content generation capabilities could draft emails, reports, and policy documents, reducing administrative burden. These 
efficiency gains came without the implementation complexity and risk of more autonomous systems.

Yet the copilot model also exposed limitations. Each interaction required human initiation and oversight. While GenAI could 
draft a response, a human had to review and approve it. While it could summarize information, a human had to act on it. The 
promise of truly autonomous operations remained unfulfilled. As insurers gained confidence with GenAI, the question 
naturally arose: could AI move beyond assistance to autonomy?



Era 4: The Arrival of Agentic AI

Autonomous Reasoning
Ability to analyze complex situations, evaluate options, 
and make decisions without human prompting.

Goal-Oriented Planning
Capacity to break down high-level objectives into 
actionable sub-tasks and execute them sequentially.

Tool Orchestration
Skill in selecting and using appropriate tools—APIs, 
databases, external services—to accomplish tasks.

Adaptive Learning
Capability to learn from outcomes, adjust strategies, and 
improve performance over time.

The year 2025 marked the transition from copilots to autopilots. Agentic AI systems combine the language understanding of 
LLMs with autonomous action capabilities. They can perceive their environment through data feeds, reason about goals using 
sophisticated planning algorithms, break complex objectives into manageable sub-tasks, orchestrate multiple tools and APIs, 
and execute actions that change system states. Unlike their predecessors, they do not wait for human instruction—they 
initiate and complete workflows independently, operating as digital employees within defined guardrails.



Multi-Agent Systems: The Power of Collaboration
While individual agents are powerful, the true breakthrough comes from Multi-Agent Systems where specialized agents 
collaborate to solve complex problems. In insurance, this might involve a Claims Intake Agent that receives and validates initial 
claim information, a Document Analysis Agent that reviews supporting materials, a Fraud Detection Agent that assesses risk 
indicators, a Calculation Agent that determines appropriate settlement amounts, and a Payment Agent that executes the 
financial transaction.

Each agent has specific expertise and tools, but they communicate and coordinate to achieve a shared objective. The Claims 
Intake Agent might identify missing documentation and request it from the customer, then notify the Document Analysis 
Agent when materials arrive. The Fraud Detection Agent might flag concerns that cause the system to route the claim to 
human review. The Calculation Agent might query external databases for repair cost estimates or medical billing codes. 
Throughout this process, agents make decisions, take actions, and adapt to circumstances.

Multi-Agent Systems mirror how human organizations work, with specialists handling their domains while collaborating 
toward common goals. However, they operate at machine speed and scale. What might take days in a traditional process—
passing files between departments, waiting for responses, scheduling meetings—happens in seconds or minutes with 
coordinated agents. Early implementations have demonstrated dramatic reductions in cycle times, with some routine claims 
processed end-to-end in under two minutes.

The orchestration of multiple agents introduces new challenges. How do agents communicate? What happens when agents 
disagree? How do we ensure the system reaches correct conclusions? How do we maintain human oversight without 
negating the efficiency benefits? These questions define the frontier of agentic deployment and will shape insurance 
operations for years to come.



Current Adoption Landscape

22%
Production Deployment

Percentage of insurers planning to have 
agentic AI solutions in production by 

end of 2026

2 sec
Fastest Settlement

Record claim settlement time achieved 
by early adopters using autonomous 

agents

85%
Cycle Time Reduction

Average reduction in claims processing 
time reported by insurers using multi-

agent systems

The adoption of Agentic AI in insurance is accelerating rapidly. While the technology is nascent, early movers are reporting 
transformative results. Research indicates that 22% of insurers plan to have agentic solutions in production by the end of 
2026, representing a significant portion of the industry willing to move beyond pilots and proofs-of-concept to operational 
deployment.

Leading insurers like Allianz with Project Nemo, Lemonade with AI Jim, and Zurich with various automation initiatives are 
demonstrating what is possible. These implementations are not limited to simple tasks—they handle complex claim 
adjudication, underwriting decisions, and customer service interactions that previously required experienced professionals. 
The results speak for themselves: claim processing times have dropped from days to hours or minutes, customer satisfaction 
scores have improved due to faster response times, and operational costs have decreased as agents handle volume that 
would require significantly larger human teams.



Case Study: Allianz Project Nemo
Project Nemo at Allianz represents one of the most ambitious agentic AI implementations in the insurance industry. Launched 
in 2025, Nemo is a multi-agent system designed to handle property and casualty claims from first notice of loss through final 
settlement. The system coordinates several specialized agents, each with distinct capabilities and responsibilities.

The Intake Agent receives claims through multiple channels—mobile app, web portal, phone call transcription—and validates 
that all required information is present. If documentation is incomplete, it automatically requests additional materials from the 
policyholder. Once complete, it routes the claim to appropriate specialist agents based on claim type, complexity, and value.

The Assessment Agent analyzes the claim details, cross-references policy coverage, and determines whether the event is 
covered. For property claims, it may access weather data APIs to confirm storm events or property databases to verify 
replacement costs. For auto claims, it might pull accident reports or telematics data from connected vehicles. The agent 
reasons through coverage questions that would traditionally require human expertise, applying policy language and 
precedent to novel situations.

The Fraud Detection Agent runs parallel to other processes, analyzing claim patterns, comparing to historical data, checking 
for red flags like duplicate claims or suspicious timing. Rather than simply flagging claims for human review, it assigns 
confidence scores and, for low-risk claims, allows processing to continue while documenting the analysis for audit purposes.

The Settlement Agent calculates appropriate payouts based on policy terms, damage assessments, and market costs. It can 
negotiate with repair vendors, schedule inspections, and authorize payments. For straightforward claims, the entire process 
from submission to payment occurs without human involvement, typically completing in 30 minutes to 2 hours. Allianz reports 
that Nemo has reduced average claims processing time by 87% while maintaining accuracy rates comparable to human 
adjusters.



Case Study: Lemonade AI Jim
Lemonade, a digital-first insurer founded in 2015, has built its entire operational model around AI automation. AI Jim, their 
agentic claims system, achieved notoriety in 2024 by processing and paying a theft claim in two seconds—a record that 
stood as proof of concept for what autonomous systems could achieve. However, the real story goes deeper than speed.

AI Jim represents a comprehensive reimagining of the claims process. Unlike traditional insurers adapting legacy systems to 
incorporate AI, Lemonade designed its infrastructure from the ground up to enable agentic workflows. Every touchpoint—
policy purchase, coverage questions, claims submission—feeds into a unified data environment that agents can access and 
act upon.

When a customer submits a claim through Lemonade's mobile app, AI Jim immediately springs into action. It verifies that the 
policy is active and the claimed event falls within the coverage period. It analyzes the claim details against the policy terms to 
determine coverage. It cross-references external data sources—weather events, crime reports, social media—to corroborate 
the customer's account. It assesses fraud risk using behavioral analytics and historical patterns. And for claims below certain 
thresholds with low fraud indicators, it approves and initiates payment—all without human intervention.

What makes AI Jim particularly noteworthy is its integration with Lemonade's broader AI ecosystem. The system learns from 
every interaction, improving its decision-making accuracy over time. It generates detailed audit trails explaining its reasoning, 
making its actions transparent to regulators and providing a foundation for continuous improvement. When it encounters 
situations outside its decision authority, it seamlessly escalates to human claims adjusters, providing them with 
comprehensive analysis to accelerate their work.

Lemonade reports that AI Jim handles approximately 30% of claims with zero human involvement and assists with another 
40%, allowing human adjusters to focus on complex cases requiring empathy, judgment, and negotiation. The system has 
achieved customer satisfaction scores exceeding those of human-handled claims, primarily due to speed and 24/7 
availability.



Operational Impact and Efficiency Gains
Traditional Process

Customer files claim via phone or web

Claims processor reviews and assigns

Adjuster requests additional documentation

Customer provides materials over several days

Adjuster reviews and investigates

Fraud analyst reviews suspicious elements

Supervisor approves settlement amount

Payment processed through finance department

Average Time: 7-10 days

Agentic Process

Customer files claim via app or web

Intake Agent validates and enriches data

Assessment Agent determines coverage

Fraud Agent evaluates risk in parallel

Calculation Agent determines payout

Payment Agent initiates transfer

Notification Agent updates customer

Audit Agent logs complete transaction

Average Time: 30 minutes - 2 hours

The efficiency gains from agentic systems extend beyond processing speed. Agents work 24/7 without breaks, handling 
volume spikes during catastrophic events without degradation in service. They eliminate handoff delays between 
departments, reduce error rates from manual data entry, and free human employees to focus on high-value activities like 
complex claims, customer relationship management, and process improvement.



Technical Architecture of Agentic Systems
Understanding how Agentic AI works requires examining the technical architecture that enables autonomous decision-
making and action. At the core is a Large Language Model that provides natural language understanding and generation 
capabilities. However, an LLM alone cannot be an agent—it needs additional components that give it perception, reasoning, 
planning, and action capabilities.

The perception layer gives agents the ability to understand their environment. This includes connectors to various data 
sources: policy databases, claims management systems, external APIs for weather or fraud data, customer communication 
channels, and document repositories. The perception layer processes incoming information, structures it for analysis, and 
maintains context about ongoing workflows. It essentially serves as the agent's sensory apparatus, gathering the information 
needed to make decisions.

The reasoning layer is where the LLM's capabilities shine. Given a goal and environmental context, the reasoning engine 
evaluates possible courses of action, considers constraints and policies, anticipates outcomes, and selects optimal 
approaches. This layer incorporates domain knowledge—insurance regulations, policy language, claims handling procedures
—that guides the agent's decision-making. Advanced implementations use techniques like chain-of-thought reasoning or 
tree-of-thought planning to handle complex scenarios requiring multi-step logic.

The planning layer breaks down high-level goals into executable sub-tasks. If the goal is "process this claim," the planner 
might generate a sequence: validate policy status, assess coverage, calculate payout, check fraud indicators, obtain 
approvals if needed, initiate payment, notify customer. The planner manages dependencies between tasks, handles errors 
and retries, and adapts when circumstances change. This dynamic planning capability distinguishes agentic systems from 
rigid workflow automation.

The action layer executes plans by invoking tools and APIs. An agent might call a calculation API to determine claim amounts, 
update database records to reflect decisions, send emails or text messages to customers, initiate payment transactions, or 
schedule human reviews for complex cases. The action layer includes safety mechanisms—validation checks, transaction 
rollbacks, approval workflows for high-stakes actions—that prevent agents from causing harm even when making mistakes.

Finally, the memory and learning layer enables agents to improve over time. This includes short-term memory for maintaining 
context within a workflow, long-term memory for recalling past cases and decisions, and learning mechanisms that identify 
patterns and update decision strategies. This layer also generates audit trails, logging every perception, reasoning step, 
decision, and action for transparency and compliance.



The Challenge of Legacy System Integration
One of the most significant barriers to agentic AI adoption is the challenge of integrating autonomous systems with existing 
insurance technology infrastructure. Many insurers operate on core systems that date back decades—mainframe 
applications written in COBOL, monolithic databases with rigid schemas, batch processing systems that run overnight, and 
countless point solutions connected through fragile integrations.

These legacy systems were never designed for real-time, autonomous interactions. An agentic claims system that needs to 
query policy details, update claim status, and initiate payments must navigate a maze of APIs, data formats, and processing 
delays. What works seamlessly in a greenfield environment like Lemonade becomes a herculean integration challenge for 
established carriers with 50 years of accumulated technical debt.

The integration challenge extends beyond technical compatibility. Legacy systems often embody business rules and domain 
knowledge accumulated over decades. A policy administration system might contain thousands of coverage rules, 
endorsement combinations, and special cases that would be extraordinarily difficult to replicate in a modern environment. 
Rather than replacing these systems—a risky, expensive, multi-year endeavor—insurers must find ways to connect agents to 
them safely and reliably.

Several approaches have emerged. Some insurers build middleware layers that translate between agentic systems and 
legacy applications, effectively creating a modern API façade over old infrastructure. Others adopt a gradual modernization 
strategy, replacing legacy components piecemeal while maintaining overall system functionality. A few have chosen to run 
parallel systems, using agents for new business while maintaining legacy processes for existing policies.

The integration challenge also includes data quality issues. Agentic systems depend on accurate, complete data to make 
sound decisions. Legacy systems often contain data quality problems—missing fields, inconsistent formats, duplicate records
—that accumulated over years. Before deploying agents, insurers must undertake substantial data cleanup efforts to ensure 
agents have reliable information to work with. This prerequisite work, while unglamorous, proves critical to successful agentic 
implementations.



Regulatory Landscape: The EU AI Act
The European Union's AI Act, finalized in 2024 and entering full enforcement for high-risk systems in August 2026, 
represents the most comprehensive regulatory framework for artificial intelligence globally. The Act categorizes AI systems 
by risk level and imposes correspondingly stringent requirements. Insurance applications that make consequential decisions 
about coverage, claims, and pricing fall squarely into the high-risk category, subjecting them to extensive compliance 
obligations.

High-risk AI systems must meet requirements for data quality and governance, technical documentation, transparency and 
provision of information to users, human oversight, robustness and accuracy, and cybersecurity. Specifically, insurers 
deploying agentic systems must maintain detailed documentation of training data, model architecture, validation testing, and 
performance monitoring. They must implement human oversight mechanisms that enable "meaningful human control" over 
significant decisions. They must ensure transparency such that affected individuals understand when AI is making decisions 
about their insurance matters.

The "meaningful human control" requirement presents particular challenges for agentic systems designed to operate 
autonomously. How can a human exercise meaningful control over an agent making thousands of micro-decisions per day? 
The regulatory guidance suggests several approaches: human approval requirements for high-stakes decisions, continuous 
monitoring with human review of flagged cases, and intervention capabilities that allow humans to override agent decisions 
when necessary. However, these mechanisms can negate the efficiency benefits that motivated agentic adoption in the first 
place.

Non-compliance with the EU AI Act carries severe penalties—up to 35 million euros or 7% of global annual turnover, 
whichever is higher. Given these stakes, many insurers are taking a cautious approach, implementing extensive governance 
frameworks and human oversight even where regulations might allow greater autonomy. The August 2026 deadline is rapidly 
approaching, and many insurers are still working to bring their AI systems into compliance, creating urgency around 
governance, documentation, and risk management practices.



US Regulatory Environment: NAIC Model Bulletin

AIS Program Requirements
Insurers must establish 
comprehensive Artificial 
Intelligence Systems programs 
that document, monitor, and 
manage AI use across the 
organization.

Governance Framework
Board and senior management 
oversight, clear accountability 
structures, and risk management 
processes specific to AI systems.

Fairness and Bias Testing
Regular testing to identify and 
mitigate unfair discrimination, with 
particular attention to protected 
classes and proxy variables.

Transparency and 
Explainability
Documentation of AI decision 
logic and ability to explain 
outcomes to consumers and 
regulators upon request.

Third-Party Management
Due diligence and ongoing 
oversight of AI systems provided 
by vendors, including model cards 
and performance metrics.

In the United States, insurance regulation occurs primarily at the state level, but the National Association of Insurance 
Commissioners provides model guidance that many states adopt. The NAIC Model Bulletin on the Use of Artificial Intelligence 
Systems by Insurers, while not having force of law itself, has been adopted or is under consideration in numerous states, 
creating a de facto national standard.



Governance Challenges for Autonomous Agents
Governing agentic AI systems presents unique challenges that go beyond traditional IT governance or even supervised AI 
governance. When an agent makes thousands of decisions daily, each potentially impacting customers, how do organizations 
maintain oversight without creating bottlenecks that negate the efficiency benefits? How do they ensure agents operate 
within intended boundaries while preserving the flexibility that makes them valuable? How do they detect when agents are 
making poor decisions before significant harm occurs?

The first governance challenge is defining appropriate authority boundaries. For what types of decisions can agents act 
autonomously, and which require human approval? Most insurers establish monetary thresholds—perhaps agents can 
approve claims under ten thousand dollars but must escalate larger ones. They define complexity criteria—routine cases can 
be automated, but unusual circumstances trigger human review. They create risk profiles—low-fraud-risk claims proceed 
automatically, while suspicious ones require investigation. These boundaries must be carefully calibrated to balance 
automation benefits with risk management.

The second challenge is monitoring and oversight. Organizations need real-time dashboards showing what agents are doing, 
decision quality metrics, error rates and types, customer satisfaction indicators, and compliance with business rules and 
regulations. They need alerting systems that notify human supervisors when agents encounter problems or make 
questionable decisions. They need audit capabilities that allow reconstruction of agent reasoning for any given decision. 
Building this monitoring infrastructure requires significant investment but proves essential to safe operation.

The third challenge is the "black box" problem. Even when agents generate explanations for their decisions, these 
explanations may not reveal the true basis for the decision, which emerges from complex neural network computations. 
When an agent denies a claim, can the insurer explain why in terms a customer would understand? When an agent makes a 
decision that appears questionable, can investigators determine whether the agent followed proper procedures? The 
explainability challenge grows more acute as agents become more sophisticated and autonomous.

The fourth challenge is handling errors and learning from mistakes. Agents will make errors—approving claims that should be 
denied, denying valid claims, miscalculating payouts, or taking inappropriate actions. How do organizations detect these 
errors quickly? How do they remediate harm to customers? How do they prevent recurrence without overly constraining the 
agent? Traditional approaches of error analysis and process improvement must be adapted to the unique characteristics of 
autonomous systems.



Bias and Fairness Concerns
One of the most pressing concerns surrounding Agentic AI in insurance is the potential for bias and unfair discrimination. 
Machine learning models can inadvertently learn and perpetuate biases present in training data, leading to outcomes that 
disadvantage certain groups. In insurance, where pricing and coverage decisions have significant financial impact on 
consumers, ensuring fairness is not just an ethical imperative but a regulatory requirement.

Bias can enter agentic systems through multiple pathways. Historical data used to train agents may reflect past discriminatory 
practices—if previous underwriters declined coverage more frequently for certain neighborhoods or demographics, an agent 
trained on this data might learn to do the same. Proxy variables can create disparities—factors like credit scores or zip codes, 
while not explicitly protected characteristics, may correlate with race or socioeconomic status, leading to disparate impact. 
Model design choices—which features to include, how to weight different factors—can embed human biases into algorithmic 
decision-making.

The autonomy of agentic systems makes bias particularly concerning. When a human underwriter makes a questionable 
decision, it can be reviewed and corrected by a supervisor. When an agent makes thousands of automated decisions, biased 
patterns might not be detected until they have affected many customers. The opacity of complex AI models can make it 
difficult to identify the source of bias or understand why certain groups experience different outcomes.

Addressing bias requires a multi-faceted approach. Insurers must carefully curate and audit training data, removing biased 
patterns or balancing datasets to ensure fair representation. They must test models for disparate impact across protected 
classes before deployment, using statistical techniques to identify potential discrimination. They must continuously monitor 
outcomes in production, tracking whether different groups experience systematically different claim approval rates, pricing, or 
service quality. They must be prepared to intervene when bias is detected, adjusting models or implementing compensating 
controls.

Regulators are increasingly focused on algorithmic fairness. The NAIC Model Bulletin explicitly requires testing for unfair 
discrimination. The EU AI Act mandates bias testing and mitigation for high-risk systems. Several US states have introduced 
or are considering legislation specifically targeting algorithmic bias in insurance. As agentic systems become more prevalent, 
expect regulatory scrutiny and enforcement actions related to fairness to intensify.



Strategic Imperatives for Insurance Leaders

Develop an Agentic AI Strategy
Move beyond pilot projects to comprehensive strategy 
defining where agents will be deployed, what roles they 
will play, and how they integrate with human workforce.

Build Technical Foundations
Invest in data infrastructure, API layers, cloud platforms, 
and integration capabilities necessary to support agentic 
systems at scale.

Establish Governance Framework
Create comprehensive AI governance programs 
addressing risk management, regulatory compliance, 
ethical guidelines, and human oversight mechanisms.

Rethink Workforce Strategy
Treat agents as digital employees requiring onboarding, 
training, performance management, and collaboration 
with human teams.



The Path Forward: Implementation Roadmap
For insurance leaders contemplating agentic AI adoption, the path forward requires careful planning and phased 
implementation. Rushing into deployment without adequate preparation risks technical failures, regulatory non-compliance, 
and damage to customer relationships. Conversely, waiting too long allows more agile competitors to capture market 
advantages that may be difficult to overcome.

The implementation journey typically begins with assessment and strategy development. Organizations must evaluate their 
current state—existing AI capabilities, technical infrastructure, data quality, regulatory compliance programs, and workforce 
readiness. They must define their agentic vision—which processes to automate, what outcomes to achieve, how to measure 
success. They must identify gaps between current state and vision, then develop a roadmap to close those gaps.

Phase one focuses on foundations: improving data quality, building API layers over legacy systems, establishing cloud 
platforms for AI workloads, implementing governance frameworks, and training staff on agentic concepts. This foundational 
work, while not directly producing business value, proves essential to successful later phases. Organizations that skip this 
groundwork often encounter insurmountable obstacles when attempting to deploy agents in production.

Phase two involves pilot projects in controlled environments. Organizations select use cases that are important but not 
business-critical, deploy agents with extensive human oversight, monitor performance closely, and learn from successes and 
failures. Good pilot use cases have clear success metrics, manageable scope, supportive stakeholders, and opportunities for 
rapid iteration. Successful pilots build organizational confidence and capability for broader deployment.

Phase three scales successful pilots to production while expanding to additional use cases. This phase requires robust 
monitoring and governance, change management to help employees adapt to working with agents, continuous optimization 
based on performance data, and ongoing regulatory compliance efforts. Organizations must resist the temptation to automate 
everything immediately—thoughtful, incremental expansion reduces risk and allows for course correction.

Phase four focuses on optimization and innovation. With agentic systems in production, organizations can leverage data and 
insights to continuously improve performance, explore new use cases enabled by proven capabilities, develop competitive 
advantages through proprietary agent capabilities, and evolve toward fully autonomous operations for appropriate processes.



Future Outlook: 2026-2030
12026: Mainstream Adoption

22% of insurers deploy production agentic 
systems. EU AI Act enforcement drives governance 

investments. First major regulatory actions against 
non-compliant AI systems.

2 2027: Market Differentiation
Agentic leaders gain competitive advantages 
through superior customer experience and 
operational efficiency. Laggards face mounting 
pressure from customers and investors.

32028: Industry Standard
Agentic AI becomes table stakes. Focus shifts from 

whether to deploy to how to optimize. New 
business models emerge enabled by autonomous 

operations.
4 2029-2030: Next Generation

Multi-agent systems handle increasingly complex 
workflows. Integration between insurers and 
broader ecosystems. Emergence of industry-wide 
agent standards and protocols.

Looking ahead, Agentic AI will fundamentally reshape insurance operations and business models over the next five years. By 
2030, autonomous agents handling routine transactions will be unremarkable—the question will shift from whether to 
automate to what competitive advantages insurers can build on top of automated foundations. The insurers that treat this 
transition as a strategic imperative rather than a technology project will be best positioned to thrive in the agentic era.



Risks and Challenges Ahead
Despite the tremendous promise of Agentic AI, the path forward is fraught with risks that insurers must navigate carefully. 
Technical risks include system failures that could disrupt operations, security vulnerabilities that could expose customer data, 
integration failures with legacy systems, and unexpected agent behaviors in edge cases. A single high-profile failure—an 
agent approving millions in fraudulent claims, denying legitimate claims at scale, or exposing sensitive information—could 
trigger severe regulatory and reputational consequences.

Regulatory risks loom large. The EU AI Act's August 2026 deadline is fast approaching, and many insurers are not yet 
compliant. Non-compliance could result in massive fines, operational restrictions, or prohibition from using AI systems 
entirely. Even compliant organizations face ongoing regulatory uncertainty as governments grapple with how to oversee 
autonomous systems. Regulations could evolve in ways that make current implementations non-compliant, forcing costly 
remediation.

Ethical risks center on fairness, bias, and the societal impact of replacing human decision-makers with algorithms. Even well-
intentioned efforts to automate can perpetuate or amplify existing biases. Customers may feel they have been denied due 
process when an algorithm, rather than a human, makes consequential decisions about their coverage or claims. Media 
coverage of algorithmic failures or bias incidents could damage industry reputation and invite political intervention.

Workforce risks emerge as automation displaces traditional roles. While insurers frame agentic AI as augmentation rather than 
replacement, the reality is that autonomous systems will eliminate some jobs while transforming others. Managing this 
transition humanely, retraining employees for new roles, and maintaining organizational morale present significant challenges. 
Failure to address workforce concerns could result in talent flight, unionization efforts, or political backlash.

Strategic risks include overestimating agent capabilities, underestimating implementation complexity, creating dependencies 
on vendor platforms, and falling behind more agile competitors. Insurers that deploy agents beyond their actual capabilities 
risk systemic failures. Those that underinvest in foundations may find their initiatives stalled by technical debt. Those that rely 
too heavily on vendors may lose competitive differentiation. And those that move too slowly may find themselves at an 
insurmountable disadvantage.



Conclusion: The Agentic Imperative
The insurance industry stands at a crossroads. Agentic AI represents not merely a new technology but a fundamental shift in 
how insurance operations can and will be conducted. The question is no longer whether agents will transform the industry—
the early results from leaders like Allianz, Lemonade, and Zurich make that clear. The question is which insurers will 
successfully navigate the transition and which will be left behind.

The path forward requires balancing competing imperatives. Insurers must move quickly enough to remain competitive but 
carefully enough to manage risks. They must automate aggressively to achieve efficiency gains but maintain human oversight 
to ensure quality and compliance. They must invest in cutting-edge technology while addressing legacy system constraints. 
They must embrace innovation while respecting regulatory boundaries. There is no easy playbook—each organization must 
chart its own course based on its unique circumstances, capabilities, and strategic goals.

What is clear is that agentic AI cannot be treated as just another IT project. It requires executive leadership and board 
oversight, substantial investment in technology and talent, organizational change management, regulatory compliance 
programs, and a long-term strategic vision. Insurers that approach agentic AI tactically—automating a few processes here 
and there without comprehensive planning—will achieve limited benefits and may create new problems. Those that approach 
it strategically—as a transformation of how they operate and compete—position themselves for sustainable advantage.

The August 2026 EU AI Act deadline adds urgency to these efforts. Insurers operating in or serving customers in the 
European Union face a hard deadline to bring their AI systems into compliance. Given the time required to assess systems, 
implement governance frameworks, conduct required testing, and document compliance, the window for action is narrow. US 
insurers, while facing a less prescriptive regulatory environment, should not be complacent—state regulators are increasingly 
active in AI oversight, and federal regulation may be forthcoming.

Beyond compliance, the competitive dynamics are compelling. As agentic systems demonstrate their ability to dramatically 
improve customer experience through faster claim settlements and more responsive service while reducing operational costs 
and improving decision quality, customers will gravitate toward insurers offering these benefits. In a commoditized market 
where price and service quality drive customer choice, agentic capabilities can become a decisive differentiator. Insurers that 
delay adoption risk losing market share to more nimble competitors and face increasing pressure from investors questioning 
their relevance in an AI-driven future.

The transformation will not be easy. It will require sustained investment over years, not quarters. It will demand new skills and 
capabilities that most insurers do not currently possess. It will necessitate difficult decisions about workforce transitions and 
technology sunsets. It will require navigating regulatory uncertainty and managing risks that are still poorly understood. But 
the imperative is clear: insurers must embrace agentic AI not because it is fashionable but because it represents the future of 
their industry. The question is not whether to act but how quickly and how well.


