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Abstract: Over the past decade, claims processing has emerged as a primary area of interest for insurers exploring how
artificial intelligence (AI) can reduce costs or enhance service quality. Several factors motivate this focus. First, processing
claims represents a major operational expense—one that, if reduced, is likely to translate into greater profitability. Second,
claims processing often significantly influences the customer experience and may even determine clients’ future purchase
decisions. Finally, Al technologies tailored for claims processing have demonstrated the ability to deliver faster settlement of
smaller claims without sacrificing accuracy. Provided that Al is applied within a carefully monitored, ethically governed
framework, its integration into claims processing represents a genuine win-win opportunity.

But increasing the efficiency of claims processing is only half the story. Unless these savings translate into improved customer
experience and satisfaction, the long-term gains may be illusory. Customers today demand — and expect — faster claims
settlements. Organisations that can consistently meet these expectations are likely to enjoy a competitive edge, gaining not
only customer satisfaction but also long-term loyalty. Conversely, companies that fail to deliver speedy settlements will, over
time, see an increased rate of customer attrition, particularly among their high-value clients. Insurers that can harness new Al
capabilities to manage these twin objectives — faster settlement with greater consistency — stand to capture both the operating
and customer experience benefits.
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L INTRODUCTION

The importance of Al-based claims processing systems continues to grow. Consideration of the insurance claims process has
been heightened by a confluence of factors: Al systems capable of processing claims have matured; insurers have begun
deploying such systems at scale; many industry stakeholders are advocating the introduction of Al-driven systems that address
safety concerns while also improving customer experience and satisfaction; and claims processing represents a key part of
the services offered by insurance companies. These developments suggest that discussions on the introduction of Al-based
claims-processing systems have effectively moved from consideration to action.

The focus of this analysis is, therefore, on the Al-driven processing of claims in insurance companies: what are the changes
in the way claims are handled, what is the magnitude and direction of the impact on Risk and Insurance type I and II related
companies, what are the outcomes for customers and service providers, what are the legal requirements, what data quality
criteria must be fulfilled, what other considerations affect deployment and use, and what is the current status? The issue is
timely, both from an academic standpoint and from the perspective of a practitioner working in the Risk and Insurance
industry. From an academic standpoint, the analyses reflect, draw from, and refer to the work of Scanlan et al. (2022) and
Bittner et al. (2023), complemented by current industry reports. The answers to the various questions provide a foundation
for practitioners who develop or manage claims-processing.

1.1. Context and Importance of Claims Processing
Given that claims services are one of the primary points of contact between customers and insurers, stakeholders across the

industry—including lines-of-business executives, marketers, actuaries, and risk managers—have heightened their focus on
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enhancing claims-processing efficiency and accuracy. Four drivers continue to contribute to the relevance and impact of
claims: (1) a critical sales channel; (2) substantial costs; (3) mounting customer expectations; and (4) pervasive operational
risk.

The core workflow involves investigating, validating, pricing, and settling loss-related claims. It is governed by policies and
practices that determine insurer responses to requests for coverage and claims settlements. Key value propositions include
minimizing loss costs and claims-related operational expenses while maximizing customer experience and redemption. For
most insurers, performance indicators include the speed of claims resolution and settlement accuracy. Claims throughput—
expressed as the volume of claims processed in a month or quarter—remains a fundamental area of operational measurement.

Claims Excellence Ecosytem
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Fig 1: Optimizing the Claims Lifecycle: A Strategic Framework for Balancing Operational Efficiency, Cost
Mitigation, and Customer Experience in Modern Insurance

II. HISTORICAL OVERVIEW OF CLAIMS PROCESSING

The relevance of claims processing has amplified in recent years, due in part to increasing loss ratios and a rising frequency
of natural catastrophes. The claims processing segment of the insurance business involves multiple stakeholders, including
insured parties, the insurer, brokers, agents, and third-party service providers such as loss adjusters, inspectors, call centres,
and repairers. Claims processing typically encompasses at least four high-level workflows: claims submission, validation and
assessment, settlement, and post-settlement review.

In recent years, insurance organizations have been adopting advanced analytics and artificial intelligence to enhance claims
processing performance. Key objectives have been to reduce cycle times (in some cases from weeks to minutes), improve
loss assessment accuracy, enhance the customer experience, and achieve consistent settlement decisions. The underlying
value propositions comprise lower claims reserves, reduced processing costs, speedier and more accurate loss assessment,
consistent and reliable settlement outcomes, and improved customer satisfaction. These dimensions of claims processing
performance are typically quantified in insurance companies’ scorecards and in external benchmarking studies.

2.1. Evolution of Claims Processing Practices

Despite the broad historical scope, the pace of recent changes offers the most firework-like array of advances, trends, and
new practices. Changes in the insurance market, the availability of ever more sophisticated technologies, and the rise of ever-
better business process management (BPM) platforms are all consequences or enablers of the changing role of insurance
companies and their operation models. As a result, claims processing is now arguably the most important operational area for
an insurer. Changes in governance and management attention, new offerings and business models, the influx of new global
players, and the ability to harness new technologies by property and casualty (P&C) players, including specialty insurers,
reinsurers, and brokers in their roles as risk models and data providers, are all being reflected in the practices and supporting
technologies of claims processing.
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Claims processing has existed for as long as insurances have existed, but the most significant changes—the emergence of
focused CM specialists such as Service Insurance—began in the 1980s. However, even the best claims management is still
not good enough when volume and severity lead to gross inefficiencies and delays. New neural networks and deep-learning
methods for understanding and generating text have opened the road toward greater efficiency, speed, transparency, and
customer-centricity for claims processing as it moves into its Al phase. NLP and other innovations are increasingly reputable
and able to transform the whole of the insurtech market sector.

Equation 1: Queueing model for delays (why variance and “latency” improves)

A common formalization is an M/M/e queue (Poisson arrivals, exponential service, ¢ servers).
1.1 Utilization (stability condition)

Step 1: traffic intensity:

A
p= o

Step 2: stable system requires:
p<l1

Al impact: automation increases effective u and sometimes increases ¢ (bots act like extra servers), lowering p, which
reduces queues.
1.2 Waiting time trend (key takeaway)
Exact M/M/c waiting formulas are long, but the important derived relationship is:
e AspT1, waiting time W, rises nonlinearly (explodes).
e Small improvements in g via Al can sharply reduce W, when the system is busy.

I1I. Al TECHNOLOGIES SHAPING CLAIMS PROCESSING

In 2023, Al-driven claims processing systems in insurance companies are experiencing rapid evolution. Natural language
processing (NLP) and text understanding capabilities are projected to have an increasingly important role in core workflows,
such as agent recommendation systems, small-claim settlement and coverage assessment, text-based routing and
prioritization, and automated assessment of claims and fraud features in not truly Al-driven claims systems. Evidence for this
hype cycle is easy to find. Most of these applications are still nascent, with internal pilots or external proof-of-concept
implementations but production use nevertheless. Future growth areas that encompass data sources outside the core claims
process for decision support include detection of modus operandi for claims fraud detection and severity prediction of traffic
accidents based on crime scene images.

Computer vision techniques are poised to have an increasing impact on core claims-processing tasks such as damage
assessment and expert feature preparation. Various use cases have been suggested, with many concentrating on the assessment
of property damage based on photographs and videos of the damaged good. Evidence from these areas suggests a fair amount
of commercial activity, in some cases leading to joint ventures with insurers. Such use cases do not modify the core process
design of evaluate-and-lift claims systems, since they act as a component of the damage-assessment stage. As a consequence,
the performance of the models will also heavily influence the operational impact of adoption. Accuracy improvements in the
damage-assessment component are likely to enhance the overall quality of claims resolution while reducing back-and-forth
communication on damage assessment between claims adjusters and insured parties.

3.1. Natural language processing and text understanding

Every insurance claim involves text, much of it generated or supported by customers. Claims might originate with a text-
based interaction, such as a web form or a chatbot. Even in claims initiated by video chat, the participants typically follow up
with text to close the loop, confirming what was said and extending it into a claim statement. Often, claims respond to written
statements from the insurer, the police, or a third party, and they might be supplemented by attachments such as policy
documents, repair invoices, medical reports, and even recording transcripts. These textual exchanges constitute a rich and
diverse data source across the lifecycle of every claim one insurer processes, yet they remain largely unused. Technology is
rapidly changing that. Specific use cases in every area of the data supply, processing, analysis, and synthesis chain are
appearing, covering everything from NLP-based fuzzy matching of textual policy conditions against free-text exposure
descriptions to generative Al tools that craft claim settlement letters. It is time-consuming enough for subject-matter experts
to compose such communications for a handful of cases, but the power of generative Al now makes it possible to bring that
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same expertise to each of the thousands of claims an insurer processes, thus significantly improving the consistency of such
communications.

Natural language processing (NLP) is the branch of artificial intelligence (AI) concerned with manipulating natural language
text and speech. These methods rely largely on the taxonomy of the text's underlying constituents and its intended purpose.
Text can be classified according to its sources, syntax, semantics, or intent, each classification giving rise to a different set of
potential applications. Given that claims typically draw on many forms of text and hence require the processing of constituent
text in a range of use cases, the discussion will be organized according to the text's intended purpose rather than its source or
form.

=@,

Use Cases Use Cases Use Cases
Fuzzy Matching Generative Al for Improved Customer
Policy Conditions Settlement Experience
Letters

Fig 2: The Text-Driven Transformation of Insurance Claims: Leveraging Natural Language Processing and Generative Al
for Large-Scale Semantic Analysis and Consistency

3.2. Computer vision for damage assessment

Computer vision applications within claims processing address damage assessment. Images or videos serve as primary data
sources. Assessments generated via algorithms often support claims investigations and decisions.

The overall soundness and partial automation of damage assessment enhances claims processing performance. Timeliness
improves by reducing the time needed for inspections and/or other forms of damage assessment. Accuracy improves when
computer vision reduces the severity assessment variance of human experts—often expressed as a reduction in losses paid
out in inappropriate cases (under- or overpayments). The operational impact of high-quality assess-ments—through
automation or support—extends to operations update forecasts and reserves. The insurance pricing process can also benefit
when external loss data are complemented with internal, highly specific, and granular damage condition assessments.

Cycle time before vs after Al-driven process changes (example values from paper)
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Iv. DATA GOVERNANCE, ETHICS, AND REGULATORY CONSIDERATIONS

Effective governance, oversight, and control of data within insurance companies are vital. Several frameworks exist to help
design and guide the management of data assets across their lifecycle: from acquisition, collection, and storage through usage

© IJIREEICE This work is licensed under a Creative Commons Attribution 4.0 International License 153


https://ijireeice.com
https://ijireeice.com/
https://ijireeice.com/
https://ijireeice.com/
https://ijireeice.com/

IJIREEICE ISSN (0) 2321-2004, ISSN (P) 2321-5526

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering
Impact Factor 8.021 :: Peer-reviewed & Refereed journal :: Vol. 11, Issue 12, December 2023
DOI: 10.17148/IJIREEICE.2023.111215

and sharing to archiving, retention, and, eventually, deletion. Data privacy and security are paramount in this domain,
reflecting the need to take into account the nature of the data being processed. The principles of privacy by design and by
default are invoked to ensure that privacy and data protection are at the centre of all activities throughout the claims processing
lifecycle, and that privacy controls are active and applied automatically at the system level without any manual decision-
making.

For instance, an NLP-driven claims processing solution that extracts personal data from unstructured input documents must
align with the general data-protection regulations governing the jurisdiction in which these documents are being processed.
Consent should therefore be sought and given prior to the start of the processing activity, in particular when sensitive data
are involved in the input. In the case of NLP, other data sources can relate to the set of training data selected to build an NLP
engine capable of identifying and extracting private data, hence potentially influencing the quality and reliability of the
modelling effort. Given the sensitive nature of the claims, special protective measures should also be taken to guard the
company from possible data breaches. These measures go beyond the implementation of technical and organizational
procedures and should include regular audits and risk assessments in line with the data-processing requirements. These
aspects, and others such as specialized roles, incident reporting, and staff training, ensure that the processing activity does
not jeopardize the rights and freedoms of data subjects.

Equation 2: Core — formal objective function
2.1 Total cycle time equation (stage decomposition)
Step 1: total time is the sum across stages

TZZT"

K
i=1
Step 2: split each stage time into waiting and processing
Let T; = W; + S; where:

e IW; = waiting/queue time at stage i

e S, =service/processing time at stage i

So,
K K K
i=1 i=1 i=1

4.1. Ensuring Responsible Data Management and Compliance

Crafting and maintaining an end-to-end data governance framework equips P&C insurers to make the most of the vast
amounts of data being generated and used across claims operations. Such frameworks ensure compliance with privacy,
protection, and cyber-security standards and regulations governing the sources and uses of any data collected and retained.
Many regulators insist on the ability for customers to see, change, and delete data pertaining to them — especially sensitive
data used for underwriting or premium calculations.

Implementing a data governance framework requires P&C insurers to address multiple dimensions. It needs to maintain
flexibility, data literacy, and ensure control and protection of private and sensitive customer and employee data. Data
protection must include preventing data poisoning and hacking, as well as undesirable internal access. Assessing Al models
for resilience to toxic data entering data pipelines can also be included within a governance structure.

Although there is no formal regulatory requirement to do so, economic and reputational considerations make internal audit
trails a best practice. In addition to the ability to transparently retrain models, enhancing explainability wherever possible
helps decrease the chance of bias or frivolous decision-making.

V. OPERATIONAL IMPACT: EFFICIENCY, ACCURACY, AND CUSTOMER EXPERIENCE

A comprehensive assessment of the operational advantages associated with implementing Al-driven solutions across the
entire claims management lifecycle—encompassing the initial claim notification, evaluation and settlement, and eventual
closing of the case—reveals a distinct trend: the infusion of Al capabilities is leading to tangible performance improvements,
particularly in processing duration and accuracy. Evidence suggests that introducing these capabilities expedites processes
and boosts consistency, enhancing the overall customer experience.
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The process of combining information is considerably faster, resulting in notable time savings, especially for relatively
straightforward claims. Resolutions are also achieved more consistently and promptly, reflecting a reduction in processing
variance. This, in turn, has a driving influence on policyholder service level agreements. Al capabilities that provide decision
support, such as recommending claim amounts or identifying potentially fraudulent claims, further reduce the likelihood of
processing errors, while credit and underwriting decisions benefit from improved accuracy. Comments directly related to
customer experience improvements are relatively scarce. However, while acquisitions and underwriting remain key moments
of truth for policyholders, it is evident that timely processing—combined with accuracy and consistency—also drives
enhanced delivery of the claims service promise.

5.1. End-to-end claims lifecycle improvements

Every aspect of claims processing, from intake to resolution, can benefit from Artificial Intelligence (Al) in a direct or indirect
way. The most extensive benefits are visible when Al-driven technologies are applied jointly rather than as isolated point
solutions.

The time it takes to settle a file is one of the critical metrics of insurers' operational efficiency: the shorter the time, the quicker
capital is freed up. Speedy processing not only lowers operating costs but also enhances customer satisfaction. Research
across multiple regions indicates that the amount of time required to settle an individual claim has fallen consistently and
significantly because Al makes these processes faster. In one major Asian market, the mean duration of a motor claim
decreased from 133 days in 2017 to 97 days in 2020. For fire claims this figure fell from 104 days to 27; for travel claims,
from 13 days to 4. A similar trend is apparent in Europe, with the global COVID-19 pandemic accelerating the shift toward
digital and automated processes. Canada, for example, has seen a continuous decrease in cycle time between 2013 and 2021.
Declining cycle times are associated with increased speeds at various intervals, including user feedback, management
approvals, adjuster reviews, and insurer settlements.

Settlement

User Feedback Management Approval

Customer
Satisfaction
Management Review
Time to Settle (Days) Time to Settle (Days)
i 1331097 5 1321027
E 104 10 27 E'
3 R &
8 (]
¥ L
£ c I
: ) W
Motor 133t0 97 4 Fire 104 to 27 B

Fig 3: The Al Acceleration Effect: Quantifying Integrated Intelligent Automation and Cycle-Time Reduction in Global
Insurance Claims Processing

5.2. Timeliness and settlement consistency

Meeting service levels and satisfying customers depends on timely preparation and resolution of claims, two tasks often
performed by separate teams. The first group’s goal is to settle claims quickly, while the second’s is to assure that every
payment is made with a high degree of accuracy. However, latency and settlement errors typically increase claim variance,
which can be partially mitigated by examining the time taken for all claims within a given category (e.g., by line of business)
or class (e.g., auto claims where physical damage occurs in a known area). Since only the settlement amount varies, all claims
represent a similar service level. Analyzing this variance and potential avenues for improvement, such as through the
employment of Al technology, can enhance the overall service level agreement. Al-based solutions might reduce the time
from accident to settlement or decrease the number of customer-experience-affecting audit claims.
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VI CHALLENGES AND LIMITATIONS IN 2023

Claims processing systems are not without their shortcomings. Their performance is contingent on the quality of incoming
data, and much work remains to be done in making such data consistent, reliable, and complete. Data silos, too, can inhibit
deeper model training and limit insights, particularly when models require data sources that are isolated from others. Users
also face obstacles created by the close integration of these solutions with other systems and the wider ecosystem. The
development and use of these solutions are not always as transparent to users as they would like, and the methods behind
decisions made by these models are not always easily understood.

Data quality poses a major challenge for Al-driven claims processing systems. NLP/text understanding models perform best
when the data they process is consistent, reliable, and complete. Interoperability between different systems is vital to ensuring
that data is of sufficient quality and that these models perform at their best. Data quality can also present challenges for
governance processes. The need for data in these models often extends beyond the specific data set that supports individual
decision making, and this has implications for the training of these models.

Al-driven claims processing systems are an operational response to the evolving threat landscape. The incorporation of these
technologies allows organizations to deploy their talent on the more challenging, less mundane, and higher-impact cases,
which, if settled successfully and quickly, contribute positively to customer experience and brand equity. Timeliness and
consistency of settlement are also key centrals to customer experience; reducing the variance in the amount of time taken to
close claims lessens the impact of underperformance on service levels.

Equation 3: Throughput and work-in-progress (Little’s Law)
3.1 Derive Little’s Law
Step 1: define long-run averages:

e L =average number of claims in system

e 1 =average arrival rate (claims per unit time)

e W =average time a claim spends in system
Step 2: Little’s Law states:

L=w

Step 3: connect to cycle time:
If W is end-to-end cycle time T, then
L=AT

6.1. Data quality and interoperability

Despite the clear advantages of nearly eliminating manual activities through the application of NLP technologies, there are
still significant data-related problems linked to the generation and available state of the textual data used in the decision-
making. These problems manifest in a direct impact on the quality of the NLP output, which, given that it permeates all stages
of the claims processing workflow, influences its operational efficiency. The more traditional and descriptive stages of claims
processing, such as damage assessment, payment, and document verification, have very low-add activities, which have made
speed—i.e., eliminating these manual touchpoints—an increasingly more visible driver for investments. Nevertheless, as one
moves upstream in the claims lifecycle those activities increase and thus the higher-value nature makes settlement timing
accuracy more paramount.

Across pipeline speed-up and improved accuracy of data, NLP has also provided better service-level integration and
availability, reducing unexpected downturns. Indeed, the disparities are less related to speed and more concerning the ups
and downs that create issues with capacity and agent overloads. In a claims processing pipeline—the business-like name for
the joint marketing-investment-run-gain yardstick—a claim is like a lead in sales and the Lindt factory has created an
automated process from picking ingredients to packing the boxes of chocolates, where each step is not manual but
characteristics of the were applied through coding and scalably moulded by depth of investment redundancy in each capacity
zone.
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Percent reduction in mean cycle time (from paper's example)

Reduction (%)

Travel

6.2. explainability and auditability

Explainability and auditability are critical requirements for Al systems supporting important business decisions in insurance,
including claims processing. These requirements are fulfilled by governing an Al's use with appropriate design, controls, and
auditing. Standard software engineering methods apply to improve explainability and auditability but can fall short because
Al often uses opaque machine learning algorithms. Specifically, governing Al for explainability and auditability entails
knowing what needs to be explained and audited; using symbolic rules and other understandable methods where appropriate;
using interpretable models, surrogate models, and additive feature attribution methods, such as Shapley values, to enhance
explanation; capturing uncertainty; explaining information classification as well as decisions; introducing a data governance
framework; adopting industry standards; and implementing proper internal and external controls.

Despite analysis by subject-matter experts that explains most of the Al's decisions using just a few global rules, critics may
still view it as a black box. Persuasive responses to those critiques are available, typically relying on developing responsible,
ethical, and trustworthy Al. Such development requires appropriate organizational and technical measures to tackle bias and
discrimination; ensure fairness, accountability, and transparency; protect privacy; and better manage systemic and
reputational risks. Systematizing and communicating how bias and discrimination are avoided or mitigated can help satisfy

internal and external audiences, but satisfying external critics who advocate for always shielding such implementations may
be harder.

VII. CONCLUSION

Paradoxically, the 2023 insurance claims processing landscape is both high-tech and low-tech, encompassing a broad
spectrum of capabilities ranging from basic business process automation in traditional companies to cutting-edge artificial
intelligence-driven systems in pioneering players. Yet beneath this apparent disparity lies a pressing common concern: How
can Al-driven claims systems be effectively governed, regulated, and risk-managed so that they reliably deliver significant
operational improvements, from faster resolution of claims in weeks or even days to a more proactive and personalized
customer experience? Answering this question requires an integrated perspective on the performance and risk characteristics
of Al-based decision support capabilities in the claims context.

Integrated Perspective on Performance & Risk
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51.45%

83.12%
79.88%

76.54%

72.3%

Implementation/Readiness (%)

Resolution Speed  Personalization Data Privacy Model Faimess  Explainability Auditability

Fig 4: Integrated Perspective on Performance & Risk
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Three critical lines of inquiry emerge from this exploration. The first concerns the data governance framework that is
ultimately required to support responsible Al adoption in insurance claims processing—one that also addresses broader data
management considerations such as privacy, security, access, and controls for the protection of sensitive customer
information. The second line relates to regulatory requirements for insurance-specific models, particularly from a data quality
and representational fairness perspective. The third strand is concerned with operational auditing and governance for Al-
enhanced claims handling. Establishing methods for embedding explainability and auditability at scale will help to ensure
that inferred decision recommendations can be trusted, yielding the required operational benefits.

7.1. Final Reflections and Future Directions

Reflecting on the preceding analysis and execution of such a process, it is evident main areas of observation are summarized
as follows. In 2023, AI Technologies significantly shape four key aspects of claims processing: the understanding of
unstructured free-text data, computer vision applications within damage assessment processes, data governance and ethical
consideration of consequences when deploying these technologies, and the operational impact on efficiency, accuracy and
customer experience across the end-to-end lifecycle. The understanding of natural language has been boosted by transformer
models and the abundance of labeled data. These advancements have been integrated into claims processing to aid in the
understanding of customer complaints, policy texts, claims adjuster reports, position statement documents, and underwriting
information when it is available. Despite the tools being better than ever, the architecture provides no guarantee that decisions
will improve.

At the same time, the risk-return curve remains largely untested: it’s most profitable when it’s employed where it has been
tested well, yet it’s often used in areas far from training. Computer vision applications play a similar role in the damage
assessment workflow. Models can now successfully learn to assess damage or the presence of certain parts directly from
images or video, successfully out-competing human behavior on a large part of the workflow, especially in first notifications
of loss. Here, the impact on the business is often quite tangible and easy to measure: it strongly improves the time it takes to
move forward with the claim and usually also leads to a better overall customer experience. Data and algorithmic governance
are receiving more attention as these models infiltrate ever more important business decisions. The risk of disparate impact
and bias is still present but detected sooner, reported better, and often mitigated before the model’s deployment. Data
governance frameworks for privacy, security, and consent are now used as part of business as usual for many companies. The
claims processing itself seems less promising. Data and interoperability issues remain the bottleneck, the tragedy of the
commons still prevents the collective modeling of the territory, and the integration of these systems with legacy infrastructures
proves challenging.
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