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The question! A
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|— “If all actuaries/underwriters have access to the same tools,
models, and technology, how would you set yourself apart and
create a competitive advantage in your domain?” J
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The answer: Data A
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|— “The differentiator isn’t the model itself. It’s the data you

use, how you shape it, and how you ask the right questions
of it.”
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But we already have data...! A
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Insurers sit on massive datasets.

E Submissions
@ Claims forms

Policy / Legal Docs
K

%ﬁ Underwriter notes

Loss run reports

5

=—| Risk engineering reports
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1. Are We Really Utilizing Our Data? A

Insurers sit on massive datasets, but...~70% of enterprise data is locked
away in the Semi/Unstructured format.
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E Submissions
@ Claims forms

Policy / legal Docs
R

Visible data

. Underwriter notes
—— Un/semi-structured data %é

Loss run reports

o

Risk engineering reports
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2. Is that data enough??

Re/insurers have a blind spot or very limited amount of information over numerous disasters/events that take place across the

world. Some of such disasters may possess direct or indirect threat to their business
= Also, past is not always a true representative of future. Hence, we also need to identify the unseen drivers and their trends to

guantify various risks pools

E.g. - Man-made disasters experienced by an insurer during a specific period Man-made disasters the world observed during that period.
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How are Re/Insurers responding?

A

Claims Pricing

Portfolio Mgt.

Risk Mgt.
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Underwriting 2

1990s — Early 2000s

Mid-2000s

2010-2017

2017 onward

Risk
"\‘Extraction

/
N .

......

Decision

Statistical NLP + ML
Algorithms

*  Rise of statistical machine
learning with more data +
computing power.

*  Techniques: Hidden Markov
Models (HMMs), Conditional
Random Fields (CRFs),
Maximum Entropy models.

*  Enabled POS tagging, Named
Entity Recognition (NER),
information retrieval at scale.

Limitation: Needed lots of labeled
data, still shallow understanding.

Word Embeddings +
Deep Learning Models

e Shift from handcrafted
features - representation
learning.

*  Key breakthroughs:

e Word2Vec (2013) ; GloVe
(2014)

*  Recurrent Neural Networks
(RNNs), LSTMs, GRUs for
sequences.

Limitation: still sequential,
struggled with long contexts

Transformers: The
Revolution

Game-changer: “Attention is
All You Need” (Vaswani et al.,
2017).

Transformers enabled parallel
processing of sequences,
capturing long-range
dependencies.

Led to BERT (2018), GPT
(2018), XLNet, RoBERTa, etc.

Large Language Models
(LLMs): GPT-3 (2020), ChatGPT
(2022), GPT-4/5, Claude,
Gemini.
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High-level solution design

Step 1

External open data sources

Al model for
entity extraction

models

ML and Al :e

Unstructured
raw dump

Do

cument
classification

Utilize a sequence of ML and Al to categorize
losses into their respective groups and
structurize non-tabular data

Systematically download data from external
sources (such as Wiki, GDELT etc.) with smart
filters to capture insurance losses in
unstructured form.

By employing linking algorithms, connect
losses between internal and external sources
and eliminate redundant data

A
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Output
Unified,
multidimentional
dataset

Create a unfied loss database that includes
enhanced information on losses related to the
company, as well as newly identified losses
from external sources



o—— System Source

Core Applications
* Policy Administration

* Costing /Pricing
*  Workflow: Claims

External Data
* Market Data

* Economic Data
* ESG Data

Third-party Services

Rating Agencies
¢ Geospatial Data
*  Web News
e Cat Models

Internal Systems
* Submissions

* Loss Runs

* Exposure Data

The new data strategy

Data Storage

Data as a

Data Ingestion

& Processing

Data Ingestion Data Lake

—‘> ;

S l é * Raw Data Storage

=7 o ¢ Structured

S . d e Semi-structured

2 Data Integration ; . Unstructured

g e ETL Pipelines i

%i * Data Transformation

5! * Data Quality Checks Central Data

i —
3 (—
1 : * Structured Data Storage
* Indexed Data

Analytical Schema

Data Preprocessing
‘ * Data Enrichment

—» + Data Aggregation

* Data Cleansing

&>

&

gz} with Human in the loop

*  Model Training
* Predictive Analytics

r*w . Warehouse [,
‘ ‘?\}a‘i Analytical Data Indexes

Product

Analytical Layer(s)
w/ Decision Intelligence

A
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Early warning signals

Detecting potential losses or emerging risks
before they materialize (e.g., climate
patterns, cyber breaches, litigation trends)

Forward Looking Views

Using predictive models & scenario analysis
to anticipate future claims, pricing shifts, or
capital needs

Enhanced risk knowledge
Deepening understanding of exposures
via new data sources (loT, satellite, social
media, surveys).

Exploring new risk pools
Spotting insurable opportunities in
evolving areas.

Market Sentiments

Gauging industry/customer confidence
and behavior through news, social media,
and economic indicators.



Underwriting Risk Advisor

End-to-End Data Architecture for Underwriting Risk Advisor

Source Systems  Data Ingestion Data Storage Data Consumption

Data Data Exploratory Analysis
Ingestion Lake * Ad Hoc Queries
 + Characterizing data
2. RawDetaSworage distributions
Data Structured
Integration Semi-Structured
- & Unstructured

Underwriting

Workbench

= Risk Assesmment

* Costing /Pricing Mccsls
(trigger referrals)

Third-Party Structured Darta Storage
Services Anaiygticsal scen

Analytics & Reporting
¢ = = Predictive Modeis
- Data Aggreganon * Performance dashboards

Vet Clesnang

« Model Training Machine Learning
* Predictive Analytics "%« Model Training
------------------------------------- * Predictive Analytics

Diagnostics & Predictions

Top product categories High Monatary Valus Products {in USD) Maost Fraguantly Recalled Products (since 2010)
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GenAl-Powered Solutions

Submission Risk Classifiers Risk Radar

Data - Insight — Action

&

Data Acquisition
1. Extracted dats features from submission
2. Camplte poliy nformation

Modelling
1. Propensity to bind model - RFC
2. Risk madel - Tweesdie Gradient Sousting

MLOps + Ul
1. Efficient and scalable deployment
2. Graptucal Usar Interface

Requirement Gathering
1. Daep dive inko e case
3 Stuying potential data sources and data ntegratian

Data Transformation

1. Festure Encoding & Engineering
2.scalabilty

Evaluation and Fine-tuning
1. Model salection and Deplayment
2. Preciction Itegration

Insight & Action
1. Helps Uws priceiza deals which saves tr.
2. Gives 3 quick view of the deal with a feedback
echanism in case of incorrect scorig.

Executive Summary — Train Accidents

Train disasters since year 2000 Split by type of trains involved

imn paisonous

Project Pipeline Overview

E

processing, Key notes:

== Top 10 countries with train disasters
Humber of losses considered are 301.
Data sources used are Wikipedia and CataMext
(an internal data source from Swiss Re
Research Institute).
Losses prior to year 2000 has been excluded
due to less confidence on the final severity
figures reported for each losses.
India and US top the list with 40% of the
overall train disasters.
Statistics are calculated after removing

Somhatnes  Germamy outliers. !

Smart Data Ingestion

behind the scenes...

* Stock Exchange Data

=

External Company
Databases

Data preparation

docs/reports
II
1]

. I losses extracted from Wikipedia
LT Man-made disasters):

>=20 Killed
<50 In]

Premises Disaster
ed
>=100 million USD economic loss

2.

3. Utility Catastrophe

4. Construction Disaster

5. Food Industry Catastrophe

Number of train disasters in CataNEXT and Wikipedia Completeness of observation in Wikipedia

Out of 53 case

Prompt.
Engineering

55 Loves wh scenomic  Lasses with rumber of  Losses wih mumber of
Losses in CataNIT not n Wik Losses in Wkingt i CatsExT boss reoried dead reported Injured reparied

Key Notes:
* We haven't extracted losses that occurred post 2006.
Human in the loop = Aipart form the estracted 33 losses, we were able to find 42 CataNEXT lasses in Wikipedia. The same can be used in filling the missing Informstion such as number of dead, inured, loss amount etc




TOP FEATURES OF AI SYSTEMS A

Precision
Accurately generates responses to questions
critical for risk assessment
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Logical Reasoning &

Confidence Score
Each answer is supported by a
Confidence Score and Logical Reasoning

for better clarity and trust
Online Sources
Real-time querying from online
data sources to enrich the
context and improve answer
quality
Evaluation Panel

Centralized interphase for periodic
evolution and fine-tuning of models

Speed

Instantly delivers ready-to-use data, transforming
labor-intensive processes into an on-demand
experience.

Scalability
Easily add new questions or risk factors to
the existing prompt list without rework.

Reusability

Modular structure enables quick extension to
other areas or lines of business with similar
needs.

Auditability

Automatically logs all file uploads and generated . d
answers for easy tracking www.actuariesin 1a.01g
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To Summarize

-

GenAl and data science are redefining what it means to be an
actuary or an underwriters empowering us to unlock deeper
insights, manage emerging risks, and drive innovation. J
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Thank youl!

Ashok Shetty
Head Advanced Data Science
Swiss Re
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