Al-Based Claims Handling: A Systematic Performance and Bias Assessment of Large Language

Models for Automated Insurance Claims Handling

Abstract

The integration of Large Language Models (LLMs) into insurance operations is expected to
transform traditional insurance claims handling. Despite anecdotal evidence from single cases by insurance
providers and agencies, a systematic assessment of the performance and potential biases of LLMs to
perform claims handling across a wide variety of insurance domains is absent. This paper presents a
systematic evaluation of LLM-powered claims handling across three studies. First, we benchmark LLM
performance against human insurance clerks using standardized exam cases. Second, we assess the
performance and potential biases of LLM-based claims handling in simulated cases across four major
insurance domains and tasks. Third, we examine the applicability of LLMs by comparing their claim
assessments to those of an expert third-party administrator based on real-world claim cases. Our findings
show that LLMs process claims not only efficiently (seconds of processing image data, processing and
matching text data from policy documents and damage reports, etc.) but also highly accurately (close to
perfect assessments for simple claims and up to 94% accuracy for more complex claims involving multiple
parties and policies), often exceeding human benchmarks and reducing claims leakage. These findings have
important implications for the future of automated claims handling and the potential to not only

substantially improve the speed but also the accuracy of claims handling in industry practice.
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Introduction

The insurance industry is undergoing a paradigm shift. LLMs are starting to fully automate the
underwriting, contract change, billing, cancellation, and claims handling process (Koetter et al., 2019).
Recent developments in LLMs are predicted to have a productivity impact of up to USD 100 Billion for
Property & Casualty claims handling alone (Donnelly et al., 2024). This is equivalent to up to 5% of the
global Property & Casualty premium, driven by an estimated 20% to 25% decrease in loss of administrative
expenses and a 30% to 50% reduction in claims leakage® (Donnelly et al., 2024; Kimura et al., 2024). Major
insurers across the globe invest in their LLM capabilities, such as AXA developing its “AXA Secure GPT”
to optimize both internal and customer-facing processes (e.g., automated claims handling), RGA leveraging
a third-party LLM to summarize medical reports to speed up the claims process, or Allstate automatically
drafting all 50,000 daily claims-related policyholder communications with a customized version of
OpenAl’s GPT (AXA, 2023; Bousquette, 2025; RGA, 2023). These productivity gains are important not
just from a business operations perspective but also to address customer satisfaction and churn rates by
streamlining the claims handling process for clients, which is often reported as a major source of frustration
for policyholders (NAIC, 2024b).

One example with high media coverage is how insurance carrier Lemonade used their
conversational bot “Al Jim” to offer a fully integrated end-to-end claims handling bot that settled the theft
of a client’s stolen luxury jacket within three seconds, including submitting the claim, cross-referencing it
against a customer’s policy, approving and settling the claim (Schreiber, 2016). While such examples are
single observations based on company-reported cases, they signal the value of how LLMs can efficiently
automate customer-facing processes in the insurance industry at scale and potentially reduce widespread

frustration with the claims handling process (de Andrade & Tumelero, 2022; Riikkinen et al., 2018).

! Claims leakage refers to the financial loss insurers experience due to non-policy-consistent claims handling e.g.,
overpayment.
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Although LLMs are expected to create an upside potential for policyholders and insurers through
improved operational efficiency and customer satisfaction, a systematic and large-scale assessment of the
performance and biases of LLMs for insurance claims handling is absent. Such a systematic assessment is
important as recent work suggests that even drafting a basic reference letter, an LLM can exhibit gender
bias by using stereotypically gendered descriptors such as “respectful” for males and “warm” for females,
causing potential backlash by customers (Wan et al., 2023).

The current paper provides such a first, systematic, and large-scale assessment of using LLMs for
automated claims handling. In Study 1, we benchmark LLM performance against human insurance clerks
using standardized, professional exam cases. Study 2 extends this analysis by examining both performance
and potential algorithmic biases across claim cases of varying complexity in four major insurance domains:
property, casualty, life, and health. Finally, Study 3 evaluates the real-world implementation potential of
LLMs by comparing their assessments to those made by a third-party claim administrator. Our findings
demonstrate that proprietary LLMs consistently perform at or above human benchmarks in claims handling
accuracy while reducing the claims handling time down to seconds and the costs down to cents per claim.
Importantly, the current results reveal minimal algorithmic bias, highlighting that insurers can
simultaneously enhance operational productivity and elevate customer satisfaction through faster, more
transparent, and consistently accurate (and arguably fair) claim settlements. The implications extend beyond
a mere cost reduction, pointing toward a more fundamental shift of future claims handling that benefits both
insurers and policyholders in a competitive marketplace.

In what follows, we first provide a focused review of existing research on the challenges of human
compared to LLM-based claims handling. We then report evidence across three studies on the performance
and biases of LLMs in claims handling and close with a discussion and future research for key stakeholders

in the insurance value chain (policyholders, insurers, InsurTech companies, and regulators).



Theoretical background

Current challenges in insurance claims handling

Improving performance and unbiased claims handling is crucial, as it directly impacts profitability
(NAIC, 2024d), customer satisfaction, including trust in the insurer (Courbage & Nicolas, 2021; Eckert et
al., 2022), and regulatory compliance. Performance in claims handling can be defined as the efficient
(“promptly”) and accurate (“fairly”) evaluation of coverage and reimbursement amounts (FCA, 2023,
ICOBS 8.1.1).

Efficiency in claims handling can be assessed from the insurer perspective through claims handling
expenses, which have risen in the Property & Casualty sector by an average of 4% annually from 2016 to
2024 and fluctuated between 4% and 12% of premiums, depending on the year and region (EIOPA, 2024;
NAIC, 2024¢). In some retail lines, such as motor insurance, where combined ratios often hover around
100% in a highly competitive environment (NAIC, 2024a), this represents a substantial and strategically
important cost component that must be managed efficiently. From a customer perspective, efficiency also
remains a concern, as reflected in consumer complaint data, where delays in claims processing are
consistently cited among the top reasons for dissatisfaction (EIOPA, 2023; NAIC, 2024c). Beyond
efficiency, accuracy is equally critical in claims handling. It entails the fair and unbiased determination of
both coverage and reimbursement amounts. Inaccuracies in this process give rise to claims leakage, the gap
between the amount actually paid by the insurer and the lower amount that should have been paid, which
is estimated to account for 5% to 10% of total U.S. personal auto claims annually (Cognizant, 2018).
Moreover, addressing claims leakage requires not only process improvements but also an active response
to systematic biases in claim assessments, including those based on gender, ethnicity, age, and socio-
economic status (see Table 1). For example, gender and age biases were detected as female, young drivers,
and elderly were exposed to a higher assessment of fault based on automobile bodily injury liability claims
(Doerpinghaus et al., 2003). Likewise, prior work also documented gender biases as female compared to

male claimants received less auto liability insurance payouts (Doerpinghaus et al., 2008). The literature also



documented the presence of an ethnicity bias as Hispanic claimants got insurance reimbursements later
compared to non-Hispanic (Baker & McElrath, 1996a), while black claimants got fewer amount of
approved payments (Lin et al., 2022). Furthermore, socio-economic bias was revealed in health insurance
and financial loan services settings in which low-income individuals were treated worse (e.g., longer
waiting times, more negative service experiences) (Becker & Newsom, 2003a; Scott et al., 2023a). The
downstream consequences of biased claims handling can be severe, including violations of anti-
discrimination laws, and consequently costly lawsuits, as well as damage to brand reputation through

negative press coverage (Flitter, 2022).

Potential of LLM-based claims handling

Current LLMs could effectively address the above performance and bias challenges due to their
demonstrated capabilities in information assessment, complex reasoning, and consistent decision-making
across diverse contexts (Anthropic, 2024; Gunasekar et al., 2023; Jiang et al., 2023; OpenAl, 2023a;
Srivastava et al., 2022; Touvron et al., 2023). For instance, GPT-3 performs at a level equivalent to freelance
writers in news summarization tasks (Zhang et al., 2024) and surpasses human experts in predicting
outcomes of neuroscience experiments based on the assessment of past experiments (Luo et al., 2024),
which could be helpful during the initial phase of an accurate claim assessment, summarizing and matching
an existing policy document to the damage report filed by a customer. Similarly, GPT-4 ranks in the top
10% on the Uniform Bar Examination, a test evaluating the reasoning skills of prospective lawyers
(OpenAl, 2023a), which could support tasks related to coverage determination after the initial assessment
phase. Additionally, GPT-4 achieves a top 20% score in the Quantitative section of the Graduate Record
Examination (GRE), indicating its potential utility in calculating potentially accurate reimbursement
amounts after assessing and matching the existing policy of a client, accounting for potential deductions,
and finally suggesting an appropriate reimbursement for the settlement of a claim (OpenAl, 2023a).

In applied insurance settings, LLMs have already been tested for use in claim document classification

and inconsistency detection (Li et al., 2025). Initial case studies have started to demonstrate how LLMs can



process claim descriptions, extract structured information, summarize complex documents, and assist in
fraud detection (Balona, 2024). These functionalities could lead to more efficient and accurate claims
processing, thereby reducing claims handling expenses and potentially improving customer satisfaction.

However, although LLM providers have aggressively implemented a range of debiasing
interventions from pre-training data filtering, algorithm debiasing measures, and response filtering (Anil et
al., 2024; Anthropic, 2024; OpenAl, 2023b; Touvron et al., 2023), LLMs also show biases analogous to the
biases in human-based insurance claims handling (Bender et al., 2021; Ferrara, 2023; Weidinger et al.,
2021). For example, prior work indicates that LLMs may possess a gender bias implicitly assuming that
“doctors” are males and “nurses” are females (Kotek et al., 2023). Ethnicity bias in LLMs was revealed by
responses to medicine-related queries, such as those concerning differences in skin thickness between Black
and White individuals, where several LLMs provided inaccurate and scientifically unsupported
information, suggesting differences where none exist (Omiye et al., 2023). GPT-4 also tended to
overrepresent stereotypes of diseases, such as a greater prominence of sarcoidosis (i.e., an inflammatory
disease) in Black and hepatitis B in Asian patients (Zack et al., 2024), potentially leading to a systematically
unfair treatment of clients.

Given that LLMs often achieve top-percentile performance in key skills required for claims handling
(see preceding section), we posit and test whether and to which extent LLM-powered claims handling bots
can match or even exceed human claim handlers in accurately determining coverage and reimbursement
amounts, and the presence of potential biases (e.g., varying reimbursements based on gender, ethnicity, age,

or socio-economic status).
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Study 1

As LLMs increasingly enter insurance operations, a critical first question is whether they can match
or exceed human performance in core insurance claim assessment tasks. Study 1 addresses this question by
benchmarking LLM-based claims handling against human insurance professionals in a standardized, real-
world assessment environment. This evaluation serves two essential purposes: (1) The study establishes a
validated performance baseline for LLM capabilities relative to industry standards. (2) The exams cover a
range of insurance claim domains, allowing the identification of potential domain-specific strengths and
limitations across insurance tasks. We utilize standardized insurance clerk examination materials—the same

tests used to certify human professionals—to create a direct, objective comparison of performance.

Method

In this study, we evaluated the performance of LLM-based claims handling bots against a
professional industry benchmark. We utilized the claim cases from the insurance clerk final examination
administered by the German Chamber of Industry and Commerce, which serves as a qualification standard
for roles in insurance sales and claims handling in Germany (for a case overview, see Web Appendix Al).
The examination consists of two parts: (1) Economics and Social Studies, and (2) Customer Needs Analysis
and Insurance Claims Handling. For Part 2, examinees select one of six insurance domains with three cases
each: accident, health, liability, life, motor, or property. We focused specifically on the claim cases from
Part 2 of the Summer 2024 examination, excluding one health case that involved a customer needs analysis
rather than claims processing, resulting in 17 claim-related exam cases. We obtained the examination
materials, which are available for purchase, from the German Chamber of Industry and Commerce. The
examination materials comprised the original exam questions, sample solutions, and examination statistics.
First, we automatically translated all 17 claim-related exam cases and material (including customer data,
customer request, claim event details, and policy documentation) from German to English using the DeepL

API. We performed this translation to ensure consistency and comparability across studies in this research,



and as reasoning-ability has been benchmarked especially based on English language corpora (OpenAl,
2023a). Second, we developed a LLM-based claims handling bot using the “messages” endpoint of the
OpenAl API with GPT 4o (gpt-40-2024-08-06) and GPT o1 (ol-preview-2024-09-12), given their strong
demonstrated reasoning capabilities and broad market coverage (Wei et al., 2022). Our prompts included a
structured task description, policyholder and claim data, and relevant insurance policy contents, requesting
the LLM to develop comprehensive sample solutions with their reasoning process and a recommended
reimbursement amount or a list of amounts in case of several losses (see Web Appendix A2 for the complete
prompt skeleton). To address potential selection issues associated with analyzing single LLM responses
(e.g., Chen et al., 2023), we sent every prompt five times to the API and retrieved valid responses for all
prompts.

Next, we evaluated the responses generated by the LLM-powered claims handling bots using the
official sample solutions provided by the German Chamber of Industry and Commerce. These sample
solutions specify which aspects must be addressed in each claim case and how points are allocated. While
examiners can award additional points for relevant content not explicitly listed in the sample solution, we
performed a more conservative assessment without such additional points and limited the point distribution
only to the predefined criteria. It is worth noting that the Chamber’s predefined criteria and the associated
points, as well as additional point-eligible answers, allow examinees to achieve points beyond the maximum
points specified in each sub-task, but are still limited to the maximum point amount.

Finally, we compared the performance of the LLM-powered claims handling bots with the exam
performance of all examinees (i.e., insurance clerks) taking the exam in Germany in Summer 2024 (N =
1,778 examinees). Following open science practices (Fisar et al., 2024), we made all sharable data and code
available on our Open Science Framework repository (see

https://osf.io/2ufr5/?view_only=53699dc9ad4a544a68aaf3057757a1526). Due to  copyright and

confidentiality restrictions of this particular study, we share only the translated claim cases and expected

solution steps provided by the German Chamber of Industry and Commerce.


https://osf.io/2ufr5/?view_only=53699dc9a4a544a68aaf3057757a1526

Results

As shown in Figure 1, GPT ol significantly outperformed the human benchmark (indicated by a
horizontal dashed line), achieving an average score of 82.44% (SD = 12.05%) compared to the mean human
examinee score of 73.98% (t(29) = 3.85, p <.001). This translates to a grade B performance for GPT ol,
placing it in the upper quartile of human examinees. In contrast, GPT 40 with lower reasoning capabilities
scored 65.56% (SD = 15.69%), which corresponds to a grade D performance and falls slightly below the
human benchmark (t(29) =-2.94, p <.001).

Performance varied across insurance domains, with both models showing a strong performance in
liability and accident cases. These findings suggest that LLMs excel in domains that are more structured,
text-driven, and rule-based, such as liability and accident claims. These cases often rely on written evidence
and involve standardized documents, established legal procedures, and preset compensation rules, making
them easier to process algorithmically.

In contrast, claims in health, life, motor, or property insurance often require deeper domain
expertise to evaluate medical histories, technical damage, or complex causality, making them harder to
evaluate correctly for LLMs. GPT ol demonstrated particularly strong performance in motor and property
insurance claims, consistently exceeding human benchmarks in these technically complex domains. Health
insurance claims presented challenges for GPT 40, with some responses falling into the F grade range,
while GPT ol maintained a less varied, more consistent performance across all domains. The significant
performance advantage of GPT ol likely stems from its enhanced reasoning capabilities, which enables the

model to follow and evaluate more complex causality chains.
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Figure 1: LLM-powered Claims Handling Bots German Insurance Clerk Final Exam Performance

From an efficiency perspective, it is worth highlighting that both models processed claims with
remarkable speed (M4, = 9.51s/claim, Mo = 62.14s/claim) and cost-efficiency (M4, = $.10/claim, Mo =
$1.05/claim). While the original exam did not track the completion time for single questions, the average
time allocated by the Chamber to solve one exercise was 11 minutes and 40 seconds and would have costed

$2.0% per examinee, assuming the salary for an insurance clerk in the final year of apprenticeship.

2 Assuming 52 weeks/year, 35h/week, USD/EUR 1.08, and a gross salary of €1,369 per month in the final
apprenticeship year (Bundesinstitut fiir Berufsbildung, 2024)
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Discussion

The results of Study 1 demonstrate that LLM-powered claims handling bots can evaluate insurance
claim cases well enough to pass the German insurance clerk final exam and can even outperform the average
score of insurance clerks (i.e., a GPT ol-powered claims handling bot with proper reasoning abilities).
Given this performance, LLM-powered claims handling bots have significant potential to augment human
insurance clerks, as they are not only fairly accurate but also efficient with respect to their speed and cost-
efficiency.
It is worthwhile noting that the performance results reported in Study 1 are conservative as human
examinees received additional points not only for the correct final reimbursement decision but also for the
correctness of the solution steps. In contrast, the LLM-powered bot often reported the correct final decision
with fewer decision steps and without following the claims-processing blueprint that insurance clerks learn
during their apprenticeship.
In the next Study, we systematically investigate whether LLMs can consistently make accurate final
reimbursement decisions regardless of intermediate reasoning steps. Ensuring that these decisions are both
correct and free from biases toward the policyholder is a fundamental requirement for deploying LLMs in

claims handling.

Study 2

The objectives of Study 2 were twofold: First, this study evaluates LLMs’ ability to process
insurance claims “end-to-end” (i.e., from initial claim submission through evaluation, decision-making, and
communication of the settlement), using simulated claim cases that reflect real-world industry settings.
Each case includes detailed information on the policyholder, the claim event, and the relevant insurance
policy. Second, the current study assesses the presence of potential biases by claims handling LLMs as a
function of a policyholder’s gender, ethnicity, age, and socioeconomic status. Varying these experimental
factors independently is important, given that females (vs. males), minorities (especially non-white

population), and people with lower (vs. higher) socioeconomic status have been shown to receive
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systematically lower reimbursement offers in traditional claims handling (as summarized in our theoretical

background section).

Method and procedure

We prompted two LLMs (Claude Sonnet 3.5, GPT 40) to evaluate simulated (but realistic) claim
cases across four insurance domains (casualty, health, life, and property). We selected these LLMs since
they are the best performing models on benchmark tests and frequently used in practice at the time
conducting the study (we didn’t use GPT ol for conversative testing and cost-efficiency reasons). For each
domain we had one claim case of low and one claim case of high complexity (see Web Appendix B1 for
the cases). Low complexity cases are characterized by the following criteria: a single claim item to be
processed (e.g., a stolen gold necklace or a single medical service), involvement of only one individual for
casualty cases, and the inclusion of 1 to 3 supporting documents (such as the policy file, original receipt)
that the LLM must reference to handle the claim. High complexity cases are defined by the presence of
multiple claim items, involvement of several individuals for casualty cases, and the need to analyze 3 to 6
supporting documents for the LLM to effectively handle the claim. Additionally, we also varied the
policyholder characteristics of gender (female vs. male), ethnicity (Black, Hispanic, White), age (21 yrs, 36
yrs, 51 yrs, 66 yrs, 81yrs), and socioeconomic status (low, medium, high) through the policyholder’s name,
birthdate, and address for each claim case.® This resulted in 90 different experimental conditions for each
claim case (8), which we each prompted five times to every LLM (4) to control for single response selection
bias. In total, we therefore generated a total of 7,200 prompts (8 claim cases x 2 LLMs x 5 repetitions x 90
policyholder variations).

We built an LLM-powered claims handling bot for each technology provider using the “messages”

endpoint of the Claude API (claude-3-5-sonnet-20241022) and OpenAl API (gpt-40-2024-08-06). We

3 While inferring attributes such as ethnicity solely from a name is inherently biased, our approach mirrors
established human decision-making processes as documented in prior research (Bertrand & Mullainathan, 2004;
Lockhart et al., 2023).
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automatically queried each LLM to evaluate a policyholder’s claim, determine a claim reimbursement
amount, and write a corresponding reimbursement letter for the policyholder in our prompt (see Web
Appendix B2 for the prompt skeleton). Analogous to Study 1, we employed chain-of-thought prompting.
The prompt provided the task description, policyholder and claim details, and the relevant insurance policy
content to the bots to ensure an informed claim evaluation was possible. All claim cases required the claims
handling bot to consider all policyholder data (i.e., insured person and insured risk details), claim data
(including the policyholder’s claim request, invoices, and optional photos), and the corresponding policy
file contents to solve the case correctly. We asked the LLMs to respond with the reimbursement amount
and a customer-facing reimbursement settlement letter. The claims handling bots responded in all 7,200
cases with a valid response. Next, the LLM-powered claims handling bot responses were analyzed (for an
exemplary response, see Web Appendix B3). The methodological procedure and data wrangling processes

are summarized in Figure 2.
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Figure 2: Summary of Methodological Approach (Study 2)

First, we conducted a performance analysis comparing the LLM-powered claims handling bots’

reimbursement amount proposals with the expected reimbursement amount, which was determined by an
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insurance professional, for the corresponding claim case. Invalid bot responses were classified as offering
incorrect reimbursement amounts.

Second, we conducted a bias analysis testing whether the claim reimbursement amount offered by
the LLM to the policyholder differed depending on policyholder characteristics (i.e., gender, ethnicity, age,
and socioeconomic status). Therefore, we calculated the relative excess reimbursement amount (i.e., the
absolute claims handling bot’s reimbursement amount subtracted by the expected reimbursement amount
divided by the expected reimbursement amount) for each claim case. Additionally, we tested whether LLMs
exhibit biases through structural (i.e., length of individual reimbursement letter parts, letter length) and
language style (i.e., readability, perspective taking, presence of providing a rationale) claim reimbursement
letter differences across policyholder characteristics. Specifically, for the language style analysis, we
automatically queried GPT 4o (gpt-40-2024-08-06; via the OpenAl API; for the prompt skeleton see Web
Appendix B7) to rate the emotionality (1: low emotional responding - 7: high emotional responding),
perspective taking (1: low perspective taking - 7: high perspective taking), rational (1: low explainability -
7: high explainability), and readability (1: low readability - 7: high readability) of the proposed
reimbursement letters. Additionally, we calculated the word count of the responses and the Flesch Kincaid
readability score. The structure analysis involved splitting the letters into sentences, calculating the cosine
similarity of the sentence embeddings using the SentenceTransformer (Reimers & Gurevych, 2019 and
clustering similar sentences with k-means to structural parts. To gain a deeper understanding of the topic of
each identified structural part, we ran a topic model on each cluster. For each identified structural part, we
also counted the words in the reimbursement letter.

Additionally, we applied exactly the same methodological procedures and analyses for the best-
performing open-weight LLMs at the time conducting this study, Llama 3.1 405B (llama-3.1-405) and
Pixtral 12B (pixtral-12b-2409). However, the results showed that these open-weight LLMs cannot offer
consistent performance in such complex insurance tasks and cannot keep up with the best proprietary LLMs
GPT 4o and Sonnet 3.5, which is why we will only focus on these models for the remainder of this paper
(for results and details on the open-weight models see Web Appendix B4 - B9).
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Pre-test

We first conducted a pre-test to evaluate whether the LLM-powered claims handling bots can correctly infer
gender, ethnicity, and socio-economic status merely from the policyholder’s name, age from the
policyholder’s birthdate, and socio-economic status from the home address. This is crucial because claim
cases rely solely on basic policyholder information (besides other, name, birthdate, and home address) from
the contract information. As in the main experiment, we automatically queried the LLMs (claude-3-5-
sonnet-20241022 & gpt-40-2024-08-06) and asked to classify the person’s gender (male vs. female),
ethnicity (white vs. black vs. Hispanic), age, and socioeconomic status (1: low socio-economic status - 7:
high socio-economic status) based solely on the contract information (see Web Appendix B9). Our results
revealed that both LLMs can correctly infer the gender and ethnicity from the name in 100% of the cases.
For age, GPT was off by only one year and Claude Sonnet 3.5 by two years, depending on the training data
cutoff date. Both models can correctly infer the socio-economic status from the home address in 100% of
the cases.

These findings provide evidence that LLM-powered claims handling bots can accurately infer gender and
ethnicity from the name, but minimal errors for inferring age from the birthdate. Further, we find evidence

that LLMs can infer the socioeconomic status merely from a person’s home address.

Results

Performance Analysis. Our findings indicate that LLM-powered claims handling bots correctly
determine the reimbursement amount in over 92% of cases across all insurance domains (see Figure 3,
Panel A). The accuracy varies by domain, with the highest performance in life (100%) and health insurance
(98.8%), while slightly more assessment errors in property (94.5%) and casualty insurance (92.8%).
Additionally, our results show that error rates increase with claim complexity, with accuracy declining
slightly from 97.9% for low complexity claims to 95.1% for high-complexity claims (see Figure 3, Panel

B).
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Figure 3: Proprietary LLM-powered Claims Handling Bots Performance by Insurance Domain (Panel A)

and Claim Complexity (Panel B)

Additionally, we find that the LLM-powered claims handling bots performed both fast
(MclaudeSonnets.s = 16.56 s/prompt, Mgpr 40 = 8.14 s/prompt) and cost-efficient (Mciaudesonnes.s = .12 $/prompt,
Mgpr 40 = .08 $/prompt).

Bias Analysis: Relative Excess Reimbursement Amount. Holm-corrected contrasts for multiple
comparison revealed no or negligible small evidence of bias in LLM-powered claims bots based on
policyholder characteristics (for detailed results and contrasts, see Web Appendix B6).

Bias Analysis: Structure & Language Style. We conducted ancillary structure and language style
analyses on the reimbursement letters to better understand whether LLM-powered claims handling bots
change the structure or language in terms of length (word count), readability, emotionality, perspective
taking, and rationale, depending on the policyholder’s gender, ethnicity, age, and socio-economic status.
We performed these additional analyses to assess to what extent a bot adapts its language style to the person
receiving a letter.

Overall, we find a very high level of readability (i.e., simple and easy to proceed language structure;

6.56 out of 7), low emotionality (i.e., low arousal and more controlled language style; 3.15 out of 7),
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medium perspective taking (i.e., signals of mutual understanding; 4.28 out of 7), and a high presence of
offering a rationale for the reimbursement decision (i.e., explaining in the letter the basis for the
reimbursement amount; 6.15 out of 7). Our results show that LLMs are professional in their language when
responding to policyholders. As detailed in Web Appendix B7, we find no significant or negligibly small
differences in terms of word count, readability, emotionality, perspective taking, and offering a rationale
across the policyholder characteristics for the LLMs. However, in the proposed reimbursement letters,
LLMs adjusted their language for high-complexity claims compared to low-complexity ones by enhancing
readability while reducing the emotionality, perspective-taking, and rational content. While Sonnet 3.5
slightly increased the word count for more complex claims, GPT 4o slightly reduced it.

When it comes to the reimbursement letter structure, we identified structural parts describing the
reimbursement calculation (e.g., “This amount reflects the application of your $1,500 deductible and 25%
coinsurance for covered services”), offering claim support (e.g., “If you have any further questions or
require additional assistance, please do not hesitate to contact us.”), describing the claim process (e.g.,
“Please note that this claim will be recorded on your policy history.”), and the reimbursement payment (e.g.,
“We will reimburse you for the damages to your vehicle in the amount of $950.”). We find that LLMs use
most of their words for describing the claim process (43.23%), followed by offering claim support
(24.13%), providing a reimbursement calculation (21.64%), and finally offering a reimbursement payment
(11%) (for details, see Web Appendix BS). We only find a minor ethnicity bias in the reimbursement letter
structure of letters generated by Claude Sonnet 3.5. Specifically, our results show that Claude Sonnet 3.5
described the claim process less (fewer words) for Black policyholders compared to White and Hispanic

policyholders. All other effects were non-significant or small.

Discussion
Study 2 provides causal evidence that LLM-powered claims handling bots are efficient at handling
insurance claims based on a task description, policyholder and claim details, and the corresponding policy

file across a large number of tasks and complexity levels. Our results show that LLMs, do not show typical
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(human) biases previously reported in the literature (see Table 1 for a summary, such as implicit biases
based on a consumer’s gender, ethnicity, age, or socioeconomic status; Baker & McElrath, 1996; Becker &
Newsom, 2003; Doerpinghaus et al., 2003, 2008; Lin et al., 2022; Scott et al., 2023) except for a negligible

ethnicity bias in the reimbursement letter structure of Claude Sonnet 3.5.

Study 3

Study 1 established that LLMs can match or exceed human performance on standardized insurance
clerk examination cases, providing an initial performance benchmark against industry certification
standards. Study 2 extended the current results through a large-scale multi-factorial experiment,
demonstrating that LLMs deliver consistently accurate and relatively unbiased claim assessments across a
broad range of claim tasks and policyholder demographics. The objective of Study 3 is to directly compare
LLM performance relative to professional claims handling experts who have already assessed real insurance
cases. The study examines precisely where LLM assessments align with those of experienced claims third-
party administrators (TPAs) and—perhaps more importantly—where and why they differ. The implications
of this study and comparisons have therefore direct implications for the efficiency of insurance operations,
as insurers could auto-approve claims in cases where the assessments of the claims TPA and the LLM-
powered bot align. This study also illuminates which specific factors drive assessment differences between

the human claims handling experts and the LLMs.

Method

In this study, we prompted the LLM-powered claims handling bot relying on GPT 4o (gpt-40-2024-
08-06) to evaluate 53 real claim cases across the insurance domains, personal liability, professional liability,
household, and homeowner insurances provided by a claims TPA (see Web Appendix C1 for an overview
of the case structure). These actual claims happened in Germany and have been covered by different
insurance companies. The claims TPA processed and evaluated these claim cases as an outsourcing provider

for insurance companies providing a reimbursement decision proposal, which is a common practice in the
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insurance industry. The reimbursement proposal of a TPA consists of five key assessments: (1) whether the
claim is plausible, (2) whether the policyholder is liable (for liability insurances only), (3) whether gross
negligence by the policyholder is present, (4) whether the claim should be paid out, which includes an
insurance policy coverage check, and (5) whether recourse is possible. Whether the claim should be paid
out (4) depends on the assessments (1) to (3) and the insurance policy coverage check. The determination
of recourse does not influence the claim reimbursement decision, it serves as an additional assessment
typically included in the reimbursement decision proposal conducted by a claim handler (in this case, from
the TPA). The claim handler performs these assessments based on the detailed claim case data (including
the insured object, residential structure, damage event, cause of damage, and extent of damage) and the

corresponding wording (see Figure 4 for an overview of the methodological approach).

(Task description (prompt)
@ ,
Insured premise details [ !
i
) v
Claim details (damage Text parsing & translation to Query the LLM
event, cause, & extent) English (DeepL API) (each prompt 5 times) I
/@ @ . . Flag claim for manual
Insurance policy details & | | \‘\Q' review
file I o'*(» i
J .-"é;rching .
P " TPA ments Compare assessments  [~~===p  Auto-approve claim
Local inspection & further 'L 3_
investigations

Figure 4: Summary of the Methodological Approach (Study 3)

As in Study 1, we automatically translated all 53 claim cases and material from German to English
using the DeepL API. We performed this translation to ensure consistency and comparability across studies
in this research. Analogous to the claim handler, we then prompted the LLM-powered claims handling bot
with a task description, the detailed claim case data, and the corresponding policy file to conduct the same
five reimbursement proposal assessments (see Web Appendix C2 for the prompt skeleton). As in Studies 1
and 2, we employed line-of-thought prompting and sent every claim case five times for assessment to the

claims handling bot to control for single response selection bias. We received a valid response for all
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prompts. Next, we compared the assessments of the reimbursement decision proposals between the LLM-
powered claims handling bot and the claim handler. We also flagged and further analyzed also non-matching
assessments. To gain a deeper understanding of why claims have been flagged, we identified and coded the
assessment error source and assessment error reason. The identification of the error source and reason was
done by an insurance professional conducting a case-by-case analysis analyzing the wording and the
assessment of the professional claims handling expert and the LLM-powered claims handling bot as it
should be done for flagged claims. Due to copyright and confidentiality restrictions, we are only allowed
to share the evaluations but no claim case details of the insurers. All shareable code and data are available

in our OSF directory.

Results

The claims handling bot closely aligned with the professional human claim handler assessments in
94.3% of cases for claim plausibility, 90.6% for liability, and 88.7% for gross negligence (see Figure 5).
Since the final claim reimbursement decision (i.e., is the claim reimbursed: yes/no) depends on these three
evaluations (plausibility, liability, gross negligence), besides the policy coverage, its maximum claim
handler matching rate is constrained by the lowest match (88.7%). Ultimately, the bot aligned with the claim
handler’s final reimbursement decision in 77.7% of claim cases, indicating greater deviation from the claim
handler’s final reimbursement decision. As a side result, we find that the recourse assessments aligned in

86.4% of the cases.
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Figure 5: GPT 4o-powered Claims Handling Bots Claim Case Evaluations

After coding each discrepancy based on the available data and with the expertise of an insurance
professional, we found that 57.76% of assessment errors were attributable to the LLM, 30.43% to the claim
handler, and 11.80% could not be clearly assigned (see Figure 5). Specifically, for the final claim
reimbursement decision, our results show that 50.91% of assessment errors can be attributed to the LLM,
40% to the claim handler, and 9.09% could not be clearly assigned. When the LLM erred, it wrongly denied
a reimbursement payment in 82% of cases, whereas the human claim handlers wrongly granted a
reimbursement payment in 100% of their assessment errors, indicating the potential cost implications and
relative risks of human compared to LLM-based claims handling.

As depicted in Figure 6, among all LLM-related discrepancies, 29.81% resulted from a lack of
context: in many cases, the claim handler included crucial information only in the assessments (i.e.,
information that is only available to the human claims TPA based on local inspection and further
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investigation of the claim that is only shared by the TPA with the insurer in the assessments and therefore
not available to the LLM for its assessments). The remaining 27.95% stemmed from either misinterpretation
of the situation or ambiguous wording. For example, one policy excluded only losses from “flowing or
standing waters,” and although the actual damage was caused by rain, the LLM denied payment, likely
based on a misreading of this clause. As for the claim handler, 8.7% of total errors were due to
inconsistencies in its recommendations. One such case involved household damage from backflow caused
by adverse weather, where the insured had deactivated the backflow prevention device, directly contributing
to the loss. While both the LLM and the claim handler agreed this constituted gross negligence, the claim
handler still recommended payment without providing a clear justification, whereas the LLM (correctly)
denied the claim on the grounds of insufficient care. The remaining 21.74% of claim handler discrepancies
were due to misinterpretation of wording. These assessment errors often stem from misinterpreting
insurance conditions, leading to incorrect coverage decisions. In one case where damage occurred to a
house due to flooding, although the policy clearly excluded damages caused by flooding or precipitation,
the human claim handler recommended approval, while the LLM again correctly denied the claim. In 11.8%
of all discrepancy cases, no clear attribution was possible—either because the data did not allow for a
conclusive interpretation (e.g., vague terms like “gross negligence”) or because the policy wording itself
was unclear.

Taken together, these results suggest that if claims TPAs provided the insurer with full
documentation from local inspections and investigations, rather than only including this information in their
final assessments, the error rate attributable to the LLM would fall substantially and would place it below
the error rate of the human claims handler (30.43%) (unlike the human claims TPA, note that the LLMs
didn’t produce errors caused by inconsistencies in their assessment based on existing policies). Further, the
assessment errors due to misinterpretation could be decreased for LLMs by providing the policies as text
directly (in the current work, we had to parse the text from PDF documents, which could have resulted in

more misinterpretations since breaks cannot always be restored perfectly).
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Figure 6: Claim Assessment Error Rate by Assessment Error Reason and Source

Finally, it is worth noting again that our LLM-powered claims handling bot was both fast (Mgpr 40
= 8.59s/claim case) and cost-efficient (Mgpr 40 = $.04/claim case) to perform the reimbursement assessment.
By comparison, a human claims handling TPA typically might take between 15-30 minutes depending on
the complexity of a case to assess a similar claim case, with an estimated minimum labor cost of $5.3* per
claim based on current salary agreements in the German insurance industry (excluding the time and costs
incurred in each case for the local inspection and further investigation of the claim). For complex claims
requiring multiple reviews or specialized expertise, human processing times can also easily extend to

several hours, of course, further widening the efficiency gap between LLM and human-based assessment.

4 Assuming 52 weeks/year, 35h/week, USD/EUR 1.08, and a gross salary of €2,974 per month in the first working
year (Bundesinstitut fiir Berufsbildung, 2024)
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Discussion

Study 3 demonstrates that LLM-powered claims handling bots can effectively automate insurance
claims processing. When the bot’s evaluation matches the claim handler’s reimbursement decision proposal,
which occurs in 77.7% of cases in our dataset, the claim could be automatically approved. In cases of
discrepancy, the claim is flagged for manual review by a human (senior) claim handler from the insurer.
This hybrid approach would have the potential to massively reduce processing time and costs for insurers
and policyholders but also minimizes claim leakage by preventing erroneous claim handler decisions that

might otherwise have been approved.

General Discussion

The current research is the first systematic, causal assessment of the actual performance and biases
of LLMs for automated insurance claims handling. Across three studies, we demonstrate that LLM-based
claims handling bots consistently deliver a competitive or superior performance relative to human claims
handling professionals, exceeding in industry exam benchmarks without being specifically trained for them
(Study 1), providing unbiased claim assessments across a broad range of claim cases and policyholder
characteristics (Study 2), and matching the assessment of around 78% of the cases of extern claims handling
experts, while offering novel ways to reduce claim leakage when deviating from their assessment (Study
3). These results suggest significant opportunities for enhancing both operational efficiency across the
insurance value chain, with processing times of just seconds (or around a minute for very complex cases
involving multiple pdf documents and images as in Study 2) versus hours or days (in the case of humans)
and costs of under $1 per claim. The current results also demonstrate that reimbursement proposals are
independent and largely unbiased from policyholder demographics or socioeconomic status, in contrast to
biases revealed with human claims handling experts in prior work (Baker & McElrath, 1996b; Becker &
Newsom, 2003b; Doerpinghaus et al., 2003, 2008; Lin et al., 2022; Scott et al., 2023b). In what follows,

we discuss the theoretical, practical, and methodological implications of this research and its impact on
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policyholders, insurers, InsurTech firms, and public policy for future research on the impact of LLM-

powered claims handling in the insurance ecosystem.

Theoretical, practical, and methodological implications

The findings of this research offer a new theoretical, practical, and methodological perspective and
contribution assessing the impact of LLMs on insurers, policyholders, and the broader insurance ecosystem.
The key insights of the research highlight the applicability of LLMs in insurance practice, how they exhibit
biases, and perform efficiently and accurately in claims handling.

From a theoretical standpoint, the current findings contribute to research on both LLM performance
and biases in comparison to human claims handling experts. Our research shows that current LLMs can
solve complex, not specifically trained tasks in the claims handling context at least as good as humans.
Moreover, our findings significantly advance Al-related research in claims handling by extending it to the
potential of fully end-to-end applications of LLMs (from claim assessments to actual reimbursement
proposals). While earlier studies demonstrated the potential of Al systems to outperform traditional methods
in tasks like classifying claims (Dimri et al., 2019) or of LLMs to conduct basic claims inconsistency
detection (Li et al., 2025), the current work provides a systematic and causal assessment across major claims
handling tasks and against both industry benchmarks as well as human claims handing professionals.

From a practical perspective, this research offers a more nuanced lens for insurance companies,
InsurTech firms, and regulators to rethink claims handling processes and solve current challenges in the
insurance industry practice. The findings demonstrate that LLMs perform on par with, if not better than,
human claim handlers in terms of efficiency and accuracy while exhibiting only minimal bias. Therefore,
LLMs could augment human claim handlers by generating claim assessment drafts and prioritizing claims
provided by other claim handlers or TPAs for a second analysis. Consequently, insurers stand to achieve
substantial profitability gains by lowering loss administrative costs (average costs per claim in Study 2:
$.07) and increasing the speed (time per claim in Study 2 for GPT 4o0: 8.14s) as well as a reduction in claim

leakage by accurate claims handling. Besides increased profitability, adopting LLMs enables insurers to
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improve customer satisfaction by delivering prompt and consistent responses. In Study 2, GPT 40 needed
8.14 seconds to handle the claim, a speed unmatched by human handlers. Beyond operational efficiency
and customer satisfaction, integrating LLMs into claims handling also addresses long-standing issues of
human biases. Prior research (see Table 1) has highlighted various biases in human claims handling. By
minimizing subjectivity, LLM systems promise fairer and more regulatory-compliant claims handling,
ensuring that policyholders are treated mostly equitably regardless of their demographics or background.
Finally, from a methodological standpoint, this research integrates exams, simulations, and real-
world cases to create an approach that can be replicated by others for evaluating LLMs for potential biases
and their performance in claims handling. By employing factorial experiments, it systematically
investigates the impact of key policyholder features—such as gender, ethnicity, age, and socioeconomic
status, previously studied in other works—on claim outcomes. This approach offers a thorough method for
assessing algorithmic bias. Furthermore, the research includes a systematic comparison to a large-scale

insurance clerk exam, providing a solid human benchmark for performance evaluation.

Future research directions

In what follows, we outline directions for future research on how LLMs may impact automated
claims handling across various stakeholders, including academic researchers, policyholders, insurers,
InsurTech companies, and regulators (see Table 2). From an academic research perspective, we believe
more work is needed to better understand the effects of LLMs on attributions towards the insurer (e.g., in
terms of perceived welfare, level of trust) as well as the willingness to accept the reimbursement offer using
LLMs in claims handling. From a policyholder perspective, future work may zoom in further to better
understand how the specific language style and responses of these systems can produce positive effects on
reimbursement acceptance, claims handling satisfaction, and ultimately, more positive firm evaluation. As
insurers along with InsurTech firms must balance multiple systems across the insurance value chain, the
question remains how to best integrate these systems to maximize firm and policyholder value.

Additionally, insurers and InsurTechs need to test the possibility of full automation of the claims handling
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process with LLMs and then ensure accountability when such systems start to make decisions fully
autonomously (as in the case of Lemonade outlined at the outset of the paper). Future research could
therefore further assess the optimal combination of human-Al collaboration throughout the claim’s
lifecycle, identifying specific handoff points where human judgment adds the most value while allowing
automation to handle routine assessments. Finally, regulators face the difficult task of developing policies
that safeguard policyholders and offer high levels of consumer protection, but at the same time can shape
an environment that ensures—or even fosters—innovation and competitiveness in the insurance industry.
While some regions, such as the European Union and the United States, have begun drafting relevant
guidelines (e.g., The European Parliament, 2024; The White House, 2022), a collaborative approach
integrating industry, public policy, and academic research will arguably be most fruitful in creating a
regulatory landscape that ensures public trust and encourages (instead of hinders) the responsible adoption

of Al across the insurance value chain.
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Stakeholder | Exemplary research questions
Academic e How does the use of LLMs in insurance claims handling influence the attribution
research towards the insurer and the claim acceptance rate over time?
e Where do policyholder appreciate vs. object algorithmic decisions, and which factors
moderate such acceptance or rejection decisions?
Policyholder| e Which factors, such as language style and response time, influence whether
consumers accept a reimbursement offer?
¢ How does the use of LLMs impact long-term customer satisfaction, loyalty, and
behavior?
Insurer e How can insurers assure the ethical use of LLMs in their claims handling?
¢ How can insurers ensure that LLMs are transparent and accountable in their
decision-making processes?
InsurTech e What are the key barriers to the adoption of LLM-based claims handling solutions
firm among traditional insurance firms, and how can they be overcome?
¢ What metrics and KPIs should be developed to evaluate the performance and
fairness of LLM-driven claims handling systems?
Regulator e What regulatory frameworks are needed to protect the consumer from potentially

29

biased LLM-powered claims handling bot responses?
¢ How can the use of LLMs be effectively monitored?

Table 2: Future research directions based on the stakeholder perspective
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