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Overview

InsurTech Innovation

Data is the New Oil: Federated Learning

Automated Machine Learning

Agentic AI: Claim Automation

AI is neither a Hype nor Magic
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The evolving risk landscape calls for

additional predictive factors beyond

traditional rating variables to achieve more

accurate pricing1.

The university serves as an independent

third-party evaluator for the InsurTech data

vendor, quantifying the predictive lift

achieved when insurers incorporate

additional predictive factors into their in

house models.

InsurTech Innovations with Real-World Data

[1] Quan, Z., Hu, C., Dong, P., & Valdez, E. A. (2025). Improving business insurance loss models by leveraging InsurTech innovation. North American Actuarial Journal, 29(2), 247-

274.
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Federated Learning: Facilitates Industry-wide Partnership

Can we solve industry-wide pain points while preserving data privacy?2

Even large carriers can gain valuable insights from data contributed by smaller insurers.

[2] Dong, P., Feng, R., Quan, Z., & Wang, T. (2026). Bridging the Divide While Walking a Tightrope: Evidence from the Insurance Industry on Federated Data Sharing.
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Automated Machine Learning

Empower actuaries to unlock the power of data science through AutoML3.

[3] Dong, P., & Quan, Z. (2025). Automated machine learning in insurance. Insurance: Mathematics and Economics, 120, 17-41.
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Do we still need data scientists/machine learning researchers in the AI era? Domain knowledge and

ability to transform business problem into optimization frameworks are more important than ever4.

Interested to try out5?

[4] Guo, J., Dong, P., & Quan, Z. (2026). Starting Off on the Wrong Foot: Pitfalls in Data Preparation.

[5] https://github.com/PanyiDong/InsurAutoML
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https://github.com/PanyiDong/InsurAutoML


Customer complaint descriptions — free-

text narratives of vehicle issues.

Diagnosed causes — brief technician notes

or internal codes.

Corrective actions — usually free-text

descriptions of repairs.

Loss codes — standardized categorizations

of claim types.

Claim Agentic AI

Large Language Models (LLMs) can assist claim adjusters, service writers, and customers by quickly

and accurately predicting repair needs—parts, labor, and cost6.

[6] Mo, Z., Quan, Z., O'Donohue, E., & Zhong, K. (2026). Claim Automation using Large Language Model.
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Localized Open-Source LLM

LLMs can be locally deployed on GPUs on-prem. We fine-tune an open-source model (DeepSeek-R1-

Distill-Llama-8B) on an 8×A100 GPU cluster with 9 millions historical claim records.
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Human and automated evaluations on

model prediction:

85.8% of predictions scored above 0.77,

meaning they are semantically correct

with only minor wording differences.

Most remaining predictions fall between

0.4 and 0.8, reflecting partial correctness.

A small portion (~2%) scored below 0.3,

indicating occasional misunderstandings

or predicting a different corrective action

than truth.

Agent Handle Routine Claims
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Commercial Sate-Of-The-Art LLMs
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AI is neither a Hype nor Magic

LLMs are not designed to be intelligent.

Insurance data remains siloed.

Insurers hold a wealth of proprietary data to unlock AI's potential.

The competitive edge will belong to those who unlock its AI potential first.
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Thank you! Q&A

12



Appendix A. Human Evaluation
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Appendix B. Automated Evaluation
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Appendix B. Automated Evaluation
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Appendix C. Case Study
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Appendix D. Research Overview
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