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Evolution of Al

Evolution of Cost of Computing Power (1940s-2025)
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Evolution of Al

General Al 1950 ® Human mimicking actions and intelligence

Classic Al 1960

Deep learning 1970

®

Machine Learning techniques: supervised, unsupervised
® Risk assessment, predictive analytics

Generative Al . : .
2014 | ® Complex neural networks: semi -supervised, reinforced

® Natural language processing tasks

® Transformer based deep neural networks
® Video, Image, Text and Speech recognition

& VSAE
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Concepts: NN

® Biological neural networks

® Node weight, signal strength

® Weights are adjusted

® DNL: 2x layers

® Training: risk reduction, backpropagation

& VSAE
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https://www.youtube.com/watch?v=IHZwWFHWa-w&t=133s

achmea )

Concepts: RAG

Retrieve Augment Generate
supporting prompt vyith aresponse
: data supporting !
iabill SR C R e I S e
® Enhances the accuracy and reliability of Userprompt || [ Prompt fompt || | Response
. . : romp upportin - :
generative Al models with facts fetched from | S U
external sources. | —
_______ e
® Fills the gap on how LLMs work I based on 2o sowroes
parametrization such as words, words used for
sentences etc. RAG Application With Vector Database
Vector User
. . ] . ] Database Relevant Prompt R
® |t helps dive deeper into a topic | using external User o I e Sources W eevant sowse Jl— (i S
reso u rces . Source 2 Relevant Source 2

https://docs.databricks.com/aws/en/generativai/retrievalaugmentedgeneration

& VSAE


https://docs.databricks.com/aws/en/generative-ai/retrieval-augmented-generation
https://docs.databricks.com/aws/en/generative-ai/retrieval-augmented-generation
https://docs.databricks.com/aws/en/generative-ai/retrieval-augmented-generation
https://docs.databricks.com/aws/en/generative-ai/retrieval-augmented-generation
https://docs.databricks.com/aws/en/generative-ai/retrieval-augmented-generation
https://docs.databricks.com/aws/en/generative-ai/retrieval-augmented-generation
https://docs.databricks.com/aws/en/generative-ai/retrieval-augmented-generation
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Turn vourideas into apps

& VSAE

@ CyberpolisOnline  ® + Upgrade 3 Preview

L) Add initial structure for cyber insurancer... & Agent3 = | ¢

I want to crate an enline rater for a cyber risk insurance
proeduct in the Netherlands. Please look at how the top
insurance companies are doing it, find how the policy is sold,
50 we can use the same input. Make a catchy website as
such that the insurance rate can be determined based on the

data provided by the user

1 month ago

T'll help you create an online cyber risk insurance rater for the
Metherlands market. Let me first research how top insurance
companies are currently handling cyber risk insurance te understand

the industry standards and required inputs.
@ Searched the web for "top cyber risk insurance companies Neth...

MNow let me get more specific information about Nationale-
MNederlanden’s cyber insurance application process, as they're one

of the major Dutch insurers mentioned.
Q. Visited https:/fwww.nn-group.com/news/five-questions-on-cy...

Mow let me search for more specific information about cyber
insurance application forms and rating factors used by insurers.

@ Searched the web for "cyber insurance application form rating f...

Let me fetch the AIG cyber insurance application form to see the
actual questions and format used.

() Visited https://www.aiginsurance.nl/content/dam/aig/femea/ne...

Perfect! Now I have comprehensive information about cyber
insurance in the Netherlands market. Based on my research, I can
create a plan for an online cyber risk insurance rater that follows
industry standards and uses real-world application criteria. Let me
propose this solution.

A 7 minutes of work ¥

+ Scroll to latest

Apptype @ Modernwebapp

Make, test, iterate...

Poeuid ~ ¢ @ = T

)

>_ Console

> C & .replitdev/

CyberRisk Rater

Powered by Duteh Insurance Leaders
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Context Engineering

3 \ |

:\ 5

— —

A

%, +3120123 4567 & info@cyberriscrater.nl

S5 “\\\ \

RAG

-

a o [FREE) 0~ \"""w / -
£ Ly (@ Theme \ - /

Total impressions

17.6K

Average CTR

1.3%

UM... JUST WATER,
THANK YOU

NO! I HAVE ENOUGH
WATER. JUST...

OH NO. JUST ONE WATER,
THANKS

Voortgang 1van 5 stappen
Bedrijfsinfo Beveiliging Data Volume Risico Offerte
Bedirijf O Beveiliging B Data 2 Risico O Offerte

Bedrijfsinformatie
Bedrijfsnaam * Branche *

GOD DAMN IT!
BILL PLEASE!!
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Al browsers

D/\, e X

Pea o Y
. X . arplexity
Copilot may make mistakes. Your conversations are personalized. Opt out. a

Today

can you look at the mail browser tab and see if there are any
events mentioned on my calendar?

Yes—your inbox includes a couple of calendar-related emails that mention upcoming
events:

- G Google i
Prompting for Actuaries

5:16 PM

* Date & Time: Wednesday, 22 October 2025, 14:00-15:00 CEST

it Al Mode All Places Maps Images
* Details: Dorothy Andrews invited you to a Zoom meeting to discuss the
EEM prompting for actuaries paper mailgoogle.com ARIA
3:38PM T RCTHM General Meeting OPERA BROWSER Al
ia, the input
2:42PM ¢ Date: Tuesday, 28 October 2025 S dH “g{i:ib
SR * Details: You've been invited by the Programme Committee to attend the general nt responses
meeting. RSVP requested mailgooglecom
R Let me know if you'd like help adding these to your calendar or drafting replies. - M eet A I M Od e
9:50 AM
@ mail.google.com
9:01AM
Inbox (8,863) - tautanbogdan@gmail.com -... Get Al-powered responses & ask
4:34AM follow-ups with a new experiment
d P B O O 77 Editin a page
Oct 21
Oct 21

& VSAE
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Agentic Al Experlence iftoff with the

“next-generation IDE
R Your agents
0O Cchat
# An 4 Analyst &P Researc her o Al Builder
@ Presentation A Pt
® Rescoiiher 3 Prompt Coach W VvisualC ’:- D |
® Agents operate with a  high -degree Goaw }
© e
of autonomy ;22 .
® Perceives, Reasons, Plans, Acts
and Reflects R
&~Explainability : using right methods Y
|S CrUC|aI Q, Jon Friedman Featured f

® Data quality,-Monitoring and life -
cycle management

), Lemmy’s Product Pass

R Over $25,000 in &
premium products

@,

& VSAE p—
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Advancements in explainability

Before RLHF After RLHF

What it actually says What it actually says
‘ A ’ 5 A '\~. /. \ " 2 | "
‘ N ! ' o w : o ' ’ ' '
« x x 3 ": N S . . ‘ A
; S w - ",‘{‘.‘3? - \f". : A » - E of
- ) P 4 <1
« 8.8 3.7 1.0 1.2 - g ' ey M - P —
. A. s ' . :
What it o RyEE NEURON
believes 20.9 62-3 16.8 97 58 - N “ ; % 4 X - . A e - . ) v
x 11.8 26.3 6.3 25.8 \ 5t M @ E L ¥ MOD'E |:S s Ka
ks = B <)
o ‘l ' 4
The AI doesn't become confused about the truth—it becomes uncommitted to reporting it. ’ : 3 % —
; ' N ‘:':5} ’
- 47 (NN \ N !
i Before RLHF After RLHF i Before RLHF After RLHF J WL ‘ 4 E "’ ™ ,
o 10 o 10 o Y — s N g .
.g .g . o " A - - v
S 0.5 S 05 '\ MV - griov
© ©
2 = 2 -
O O .
b < https://sakana.ai/ctm/
" 0.0-0.2 0.2-0.4 0.4-0.6 0.6-0.8 0.8-1.0 " 0.0-0.2 0.2-04 04-06 0.6-0.8 0.8-1.0
Belief interval Belief interval
(a) Results on Llama-2-7b (b) Results on Llama-3-8b

Characterizing the Emergent Disregard for Truth in Large Language Models

& VSAE



https://machine-bullshit.github.io/
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Al stack war

1 'C
1 CPU [
-L -'-

® Nvidia (TSMC) challanged by Google, Amazon

Edge Al
® Process-data locally, AMD, Intel, Apple growing

Sovereign Al
® Governments invest billions in Al

& VSAE
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Which statement seems most reasonable to you about the future of actuaries?

@ By 2030, actuaries will spend more time assuring Al outputs 0 through testing, documentation, and
governance 9 than building models themselves

® Future actuaries will help set up and validate IT architectures that host third -party Al tools, acting as
compliance and assurance specialists

@ Actuaries will continue to rely on well -established traditional models , focusing on alignment with
regulatory requirements.

@ Actuaries will move into data science 1 oriented roles , mastering Al code generators and developing and
deploying models needed by the business.

& VSAE



Regulation



A global perspective

United States

Alnnovation, decentralized approach

ADefinition from 6National

|l ntell i gence I nitiative

ANot yet approved, relying on sector
specific guidelines from various
agencies such as NAIC

& VSAE

European Union

ARecital 12 of the acts: definition
should align internationally

AlLegislation
ALegal certainty
AComprehensive glossary

AHuman-centric approach

N + ' £ ' ~ 1 ~ |

Definition Al Act (OECD based):

0 Ma c hbasedesystem that is
designed to operate with varying
levels of autonomy and that may
exhibit adaptiveness after
deployment , and that, for explicit or
implicit objectives, infers, from the
Input it receives, how to generate
outputs such as predictions, content,
recommendations, or decisions that
can influence physical or virtual
environment so

achmea )

China

AComplex definition, tailored to (security)
specific applications

A Administrative provisions and measures
on algorithm recommendation, deep
synthesis and management of Gen Al
services

AProviding broad definitions on algorithm,
data security and deep synthesis
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European Unionds Al Act

Final agreement on 13th of March 2024 agreement Prohibited Al

A Safeguards human oversight _ _ o
Biometric categorization

Unfavorable treatment
Social scoring
Emotion recognition

—l Generﬂ|-purp059 AI

Al trained on large data
Self-supervision

Large language models
Systemic risk

A An iterative risk -management process

A Risk classification of Al systems

European Al Office T the center of Al expertise across the Union:
A Al Board

A Scientific Panel

A Advisory Forum High-risk Al systems*

Heath and safety of natural

Penalties up to : persons

Life and heath insurance pricing
Creditworthiness, education

A Non-compliance: 7% of annual turnover or 35 min. EUR
A Violations: 3% of annual turnover or 15 min. EUR
A Misleading information: 1% of annual turnover or 7,5 min. EUR

August 6 12 24
2024 months months months

Operators : Provider , Distributor, Importer, Deployer

*Obligations for high-risks systems under Annex Ill; 36 months will be for those under Annex |l

& VSAE
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Actuarial relevance: a classification challenge

(63) Only certain Al systems are subject to regulatory obligations and oversight under the Al

4 % d I IVS y Stegng Yoo A 14 Act. The AT Act’s risk-based approach means that only those systems giving rise to the ~
9 / Q a 3 U a rgq % 9r §\ a a u Y a- y most significant risks to fundamental rights and freedoms will be subject to its . O

N

prohibitions laid down in Article 5 AT Act, its regulatory regime for high-risk Al systems
covered by Article 6 AI Act and its transparency requirements for a limited number of
pre-defined Al systems laid down in Article 50 AI Act. The vast majority of systems,
even if they qualify as Al systems within the meaning of Article 3(1) AI Act, will not be

L OW/ I\/I e d R i S k d S subject to any regulatory requirements under the AI Act.

A Classical heliristig

A Mathematicdl optimisation ¢ linear or logjstic regression methods

/ \M“ Data :
- - / Input
- HighRisk >
A Prediction s\Jstems

forecasting, penchmarking

Fundamental Rights |
A Data processing Assessment  FEOEEUHENEE fﬂﬁ Output

rUIe1 Ilght financi Environment
Al Model

Physical or
Virtual

& VSAE
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AcCct

ACTUARIAL ASSOCIATION OF EUROPE
ASSOCIATION ACTUARIELLE EUROPEENNE

European Unionos Al

(63) Only certain Al systems are subject to regulatory obligations and oversight under the Al
Act. The Al Act’s risk-based approach means that only those systems giving rise to the
most significant risks to fundamental rights and freedoms will be subject to its
prohibitions laid down in Article 5 Al Act, its regulatory regime for high-risk Al systems

ACTUARIAL
ASSOCIATION
OF EUROPE

ADVISING - ACHIEVING - ENGAGING SILVERSQUARE NORTH
BOULEVARD ROI ALBERT 11 4

covered by Article 6 Al Act and its transparency requirements for a limited number of 81000 BRUSSELS, BELGIUM
pre-defined Al systems laid down in Article 50 Al Act. The vast majoriny of E - :;ssl@iziﬁ::‘zu
even if they qualify as Al systems within the meaning of Article 3(1) Al Act, will not be VIVIW, ACTUARY,EU
subject to any regulatory requirements under the Al Act, Press Release

The AAE welcomes the EU Commission's Guidelines on the Al system definition

Brussels, 20 February 2025

I:]a, The AAE welcomes the EU Commission's guidelines on the Al system definition, “The Commission
Europein MeBtance st publishes guidelines on Al system definition to facilitate the first Al Act's rules application | Shaping

[Occupational Pensions Authority:

Europe's digital future™. Particularly, we welcome that classical actuarial methods and techniques
should not to be considered Al systems.

Actuaries have been heavy users of data for a long time. Over the years, our profession has strived
to ensure the best and most responsible use of data. With the advent of digital data and
advancements in technology, we now have even more effective and comprehensive tools at our
disposal. It's worth noting that actuaries are part of a regulated profession, with a strong ethos to
work for the wellbeing of our societies, guided by a rigorous code of conduct and professional
standards. Actuaries are looking forward to a future where Al can be used for the good of our
societies.

#INSURANCE #AIACT

The AAE has been closely monitoring the developments in the EU concemning Al usage. Itis crucial
that fundamental rights are respected in Al applications, just as they are in other areas. The Al Act
represents a major step in this direction by regulating Al systems. While the Act provides a definition
for "Al System,” there has been some ambiguity around certain aspects of this definition. The new
guidelines from the Commission are therefore a welcome move to clarify these issues, as they offer
a thorough analysis of the various dimensions and characteristics of Al systems.

REGULATORY FRAMEWORK APPLICABLETO
Al SYSTEMS IN THE INSURANCE SECTOR

NAVIGATING EUROPE’S Al ACT: INSIGHTS FOR

ACTUARIES AND THE INSURANCE SECTOR
MARCH 2025

ACTUARIAL
ASSOCIATION
oF tuRDrE

Link

VSAE

Artificial Intelligence (Al) is expected to play a pivotal role in the
ongoing digital transformation in all industries.

In the insurance sector, Al is also expected to have a substantial
impact, with a growing trend towards the adoption of Al systems
throughout the insurance value chain.

Al offers many opportunities for the economy and the society, but
it also brings some risks.

In this context, the European Parliament and the European Council
adopted the Al Act which was published in the Official Journal of the
EU in July 2024. Existing regulation for insurance in Europe already
applies, including to the use of new technology.

EIOPA will continue working to facilitate a smooth implementation
of applicable regulations to the use of Al in the insurance sector and
support national insurance supervisors in their supervisory work.

THE Al ACT AND ITS APPLICATION IN THE INSURANCE SECTOR

» The Al Act applies across all sectors of the economy, including insurance. It aims to ensure a high level of protection for fundamental

rights, health, and safety.

» It follows a risk-based approach, classifying Al systems according to different risk levels:

—_—

Unacceptable risk

_

High risk

Link

Minimal risk

Actuaries often create models based on the data they utilise. Many of these models are inherently
complex but often do not involve Al. For example, while a pocket calculator is complex in its inner
workings, ne one considers it an Al system. Similarly, complex systems can be hazardous if not
comprehended or responsibly managed. However, this is not the case with complex actuarial
systems. Due to our code of professional conduct and professional standards, actuaries are
obligated to take responsibility for their models and must be able to explain their workings.
Furthermore, actuaries provide clear boundaries for the applicability of their models.

Our understanding is that the latter part of the guidelines (particularly section 5.2) addresses the
essence of most traditional actuarial techniques, even though just some particular techniques are
mentioned explicitly. It is imperative that Al systems classified as high-risk under the Al Act comply
with all the Act's requirements. However, our interpretation suggests that traditional actuarial
systems that are well controlled by classical statistics, such as generalized linear models, though
often complex, do not fall under the category of Al systems.

- End of press release -

Link


https://actuary.eu/wp-content/uploads/2025/02/AI-GUIDELINES-PRESS-RELEASE_FINAL.pdf
https://www.eiopa.europa.eu/document/download/b53a3b92-08cc-4079-a4f7-606cf309a34a_en?filename=Factsheet-on-the-regulatory-framework-applicable-to-AI-systems-in-the-insurance-sector-july-2024.pdf
https://actuary.eu/wp-content/uploads/2025/03/AAE-Discussion-Paper-Navigating-Europes-AI-Act.pdf

Risk management



Managing operation practices

DevOps
A Traditional software

A Majority of actuarial
models Iin production

A Automating delivery
pipeline

# VSAE Ex: CRISP concept

MLOpsS

A Extending to ML
lifecycle -> DevOps

A Focus on data, model
development,
deployment,
maintenance

A End-to-end

A

achmea [¢)

- LLMOps

Effective
management of LLMs

Fine-tuning,
Inference
performance, prompt
engineering,

Hallucination and
blas
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Continuous monitoring

A Management A Scalability
A Quality A Reporting |
A Completeness A Robustness and Security

A Accuracy
A Security Dﬂtﬂ

A Synthetic assumptions

A XAl and Transparency
A Business alignment

E
<
®
5
0
©
ES
o

A Assumptions

A Parameters

A Bias and drift

A Model scorecards
A Fitting

A Test vs Training

& VSAE
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Data: opportunities

Data lifecycle

Importance of lifecycle stages: Capture i _Integration i Preprocessing - Enrichment

Data enrichment: adding value to existing data, by using alternative data sources.
Risks : Pre-amplifying existing biases, ethical considerations T adding irrelevant data sources to a model

Customer segmentation Telematics / Climate risk

Active learning: humans interacting with algorithms Chainlink: decentralized Oracle network, integrating
where data classification is not present real-world data into insurance processes

Zero-shot learning: classifies text into labels and features that a model did not have T without training

Managing risks : building guardrails ( examples from Microsoft Al Services, Nvidia NeMo ) + explainability

& VSAE
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Model development

Methodology, use and ethics Example of a prediction algorithm

Examples: CANN, DL, LightGBM, Random Forest

The output of a US healthcare prediction algorithm (Optum)
: showed racial bias, when using past healthcare spend to predict
Model risk future health requirements.

Black patients that as a result were meant to have same health
Hidden proxies needs as white people, proved to be actually sicker.

Because of their lower spending on health care, they received
half the amount of care compared to white people.

Risks : false correlations, incomplete individual characteristics,
Diversity Irrelevant proxies for data etc.

& VSAE


https://magazine.publichealth.jhu.edu/2023/rooting-out-ais-biases

A practical example
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Practical example: Achmea

A Medical Acceptability Scoring Heuristic Algorithm
A Term life insurance applications I Increased acceptance from 40% to 65%
A Risk assessment, premature mortality I higher premium or rejection

A Dynamic data collection, output in form of a score

Model testing can include: Accuracy T Fairness 1 Explainability or Robustness m n S H n

Validation is not the same as Testing!

& VSAE



Practical example: Achmea

Model components: NLP, Term Matrix, simple decision tree

Dealing with Accuracy

K-fold cross validation __: split data into k subsets, training on k -1, validating
on the remaining subset (ground truth labels)

Precision and recall _: measure positive instances, and false negatives
Fl-score : a harmonic mean of precision and recall
Mean absolute error _and Mean squared error 1 average prediction error

o o T T>

Actuarial considerations:

Choose relevant fit for purpose data: historical data, internal or external
Ensure the dataset is large enough, having right partitioning

& VSAE

Split 1
Split 2
Split 3
Split 4

Split 5

achmea [0)

All Data
Training data Test data
Fold1l || Fold2 || Fold3 || Fold4 | Fold5 | \
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
> Finding Parameters
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold5 | _/

https://scikit-learn.org/

Final evaluation {

Test data
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Practical example: Achmea

Bias testing Explainability

Feature Importance

verstrel

i wr

i

1

Algorithm bias

l

T

Neural networks | xgBoost | LightGBM

bt

I
|
-
il

Sample bias

" P
H
-|‘
.

o0 4000 G000 BOD0

Model drift

Training set | modifying characteristics

2 3
SHAP value (impact on meodel output)

Label and covariate drift, periodical re-training on new data
Feature bias

Ex: Alternative BMI | Data specific issues

Percentage Masha uitval

& VSAE
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Practical example: Achmea

A As of 2019 discussions started with local regulators (DNB, AFM) and HLEG

A Subject to questions posed by EC i ALTAI, and the adopted ethical framework from Association of Dutch Insurers and
Unesco (following the 7 principles required)

A Policies include

A Yearly and weekly quality controls on data and samples

A Medical model validations, ethical impact assessments performed by medical advisors through dashboards

A Model ri sk assessment, mo d e | design documentation et c.
A

Privacy impact assessment, IT-related reports, GDRP etc.

A Alignment with the IT environments, chosen programming languages and reporting standards

& VSAE
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Al Task Force: 2025 -2026

N AA

From our Statement of Intent:

1. Advance the competency of the profession
2. Promote the role of the actuary
3. Prepare the IAA, as the global voice of the profession

Engagement and Research and - :
: Case Studies and Tools Adoption Framework
Foundations Advancement P
A generate interest A scan / organize "201" content A compile and structure cases A focus on adoption, _
A get actuaries started A develop reseach and educate studies, examples, and tools Incorporating best practices,

& "101-level" actuary ethics, and practicality


https://www.actuaries.org/IAA/Documents/CMTE_EXEC/AI%20Task%20Force/SoI_on_Artificial%20_Intelligence_Council_approved_8March2024.pdf

/ AR
AEERRY
fam
i

N AAI

l:: l'.':.l L Tamn
im International Actuariz . m
" association Actuariel " BLavgy International A SumiVEWLY  international Actuarial Association
A Association Ad " "WW:YN  Association Actuarielle Internationale

Artificial Intelligence

Testing of Artific
9 Governance Framework

Models or

Al Task Force

Documentation o November 2025

Intelligence Model

MACHINE
LEARNING

IDEATE

CRISP-ML(Q)

BUSINESS R DATA
UNDERSTANDING

MODEL.
DEVELOPMENT

MODEL
OPERATIONS

PHASES

Model and Data Risk

Bias
A population group may be
disadvantaged, affecting individuals.
Error

Unacceptable errorrates, training or
testing data not representative of real-

Security

Complex Al systems are prone to be more
vulnerable.

Privacy

Large amounts of data and model complexity
affects privacy detection.

Transparency and Explainability

Deploying opaque Al systems, difficult to
explain to stakeholders

life scenarios.

Biased Data
Introducing or perpetuating bias when using Al

Aggregated Data
Different sources leading to loss of anonymity

Hidden Proxies
Indirect discrimination is an example, features
that act as proxies for protected characteristics
Correlation and Causation

Al incorrectly infers causation from correlated
data

Consent

Diversity

Errors or bias may occur when training data is
not representative

Al can access personal data in unthinkable ways

Confidentiality
Being unaware of security risks that lead to loss of

Changing data or external conditions

Model's inability to adapt when data changes
over time, or changes of context occur

confidentiality

Technological integrity

Hallucination
False or misleading output

Al models are vulnerable to system failures, ransomware
and cybersecurity incidents. Technological diversification is
low when relying on one party.

ISAP 7 Webinar i 8 November 2023 35
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Three public repositories to sort contributions:
1.  Actuarial Al Case Studies (contains 2024)
2. Al Tools for Actuaries

3.  Actuarial Al Resources

Standardization:
1. Markdown templates for Python and R
2. Contribution guidelines

Private repo also exists for development.

https://qithub.com/IAA-AITE

Al Tooldor Actuaries




