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Hvad er Al og maskinlaering (ML)?

Formal Big data og
nye modeller

...udleder output som fx

forudsigelser, anbefalinger
eller beslutninger baseret pa

\
datamgnstre. ormer og

arbejdspraksis
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Muligheder ved brug af kunstig intelligens i forsikring og pension

Nye
produkter og
tjenester
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Nye IT
kapaciteter

(computer kraft,
Al, 'big data’)
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Risici ved Al-systemer inden for forsikring og pension

* Fairness (Mindre solidaritet, Informationsasymmetrier)

FOEIES- * Hgjere priser for hgjrisikokunder og potentiel darligere inklusion
specifikke
risici » Stgrre uligheder igennem proxy-diskrimination

* Uigennemskuelighed og manglende viden om hvordan man Igser ‘moral hazard’

* Alrisiko (Nedbrud i Al systemer, f.eks. i selvkgrende kgretgjer)
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En succesfuld implementering af Al-systemer krzaever en balance
mellem innovation og risiko

@get vaekst og innovation } { Nye og eksisterende risici
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Al governance og regulering
| forsikring- og
pensionsbranchen
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https://doi.org/10.1007/s43681-021-00084-x
https://doi.org/10.1007/s11948-019-00165-5

Trods EU regulering er implementeringen af de 85-95%* af alle Al-
systemer styret af brede etiske principper

horisontal regulering

April 2019 Juni 2024

I CEthics Guidelines for
oo | TrUStWOrthy Al ]

EU Al Act

Artificial

Intelligence Act

» 7 etiske principper (derunder fairness,
teknisk robusthed, gennemsigtighed,
menneskelig kontrol)

* Risikovurdering af Al use-cases

* Risikobaseret regulering af hgjrisiko Al
cases (5% - 15% af alle Al use-cases)
* Etiske principper for resten

» tid
Juni 2021

EIOPA Al Governance
Principles

* 6 etiske principper (proportionalitet,
fairness, transparens, menneskelig
kontrol, data governance og teknisk
robusthed)

* Risikovurdering af Al use-cases

k ifik leri o .
sektorspecitik regulering *baseret pa European Commission, 2021 p. 68
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https://digital-strategy.ec.europa.eu/en/library/impact-assessment-regulation-artificial-intelligence

Transparency / Fairness Beneficence / Respect for human
Explainability harm prevention autonomy

Forebyggelse af stress: Markedsfgring af forsikringsprodukter:

Er det fair at acceptere en mindre Et personligt forsikringstilbud kan

praecis model til at opdage stress for at veere en fordel for kunderne, fordi det
bevare en hgj grad af gennemsigtighed i sparer tid. Samtidig kan det afholde
forhold til, hvorfor man bliver markeret kunderne fra at finde det bedst

som at vaere stresset? egnede tilbud.
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Nogle etiske principper kommer i konflikt med sig selv, nar de

konfronteres med konkrete Al use cases

Fairness

Hvad er mest fair for kunderne?

horisontal niveau

stemp_e|i prisfastseettelse a) at modtage en pris, der ngjagtigt afspejler din
i forsikring risiko, sa du ikke behgver at kompensere andre,

eller
b) at modtage en pris, der er mere solidarisk, men
hvor du subsidierer medlemmer af din gruppe

sektorspecifik niveau
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Hvordan Igser man problematikken med principbaseret Al-etik?

!dentlflcere etiske Anerkende forskelle Fremhaeve omrader,
dilemmaer og trade-

offs (i en divers i veerdier mellem hvor der er brug for
gruppe) grupper (kompromis)lgsninger

L] L]
Design Discuss Deploy
'Step Three: Deploy
» Jutcome fairness, Gove
>
o Transparent Black box
- Transparency & Explainability _ ata
How explainable is the model? “
< < > High Low
Predictive Accuracy Py
Low governance High governance How accurate is the model? -
requirements requirements . T
requirements requirements
ment of expec
Figure 1: Example of a parameter scale Figure 2: Example of trade-off mapping
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https://doi.org/10.1145/3306618.3314289

F&P & ADD workshop med aktuarer og data scientists har pavist
etiske dilemmaer i alle diskuterede use cases

Gruppediskussioner om 4 potentielle Al-

Etiske dilemmaer kraever kompromislgsninger

use-cases

* Brugen af postnummer og Al til
prissaetning af bolig- og livsforsikring

* Brugen af sensordata og Al i
prissaetningen af bilforsikringer

* Brugen af Al i forebyggelse af stress-
relaterede sygdomme

* Brugen af stemmedata og Al til at
opdage forsikringssvindel

ADD

: : . Fairness &
Dataindsamling Modellering offekt
flere data hgjere hgjere
punkter ngjagtighed personalisering
mere lavere mindre
overvagning forklarlighed solidaritet
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Stakeholders &
kundeoplevelse

Ethical Trade-off Mapping

Step One & Two: Design and Discuss

Procedural Fairness & Impact

The attected client
Financial and social impact

The pool of customers
Financial and social impact

The company
Financial and reputational impact

Impactoncore
stakeholders

Society at large
Financial and social impact

Positive Negative
Positive Negative
Positive Negative
Positive Negative

Sensitivity (in outcome & data)
Would data-collection. processing
or outcome (impact) be considered
as sensitive?

~

Experience

Level of “intrusiveness”. Le. does
the Al system cause feelings of
surveillance

Client impact:

Penalty of “opting out™

Eg reduced of coverage or limited
access [0 resources

Not sensitive

Sensitive \

Not intrusive

Intrusive

No penalty

Penalty

o

Step Three: Deploy
Qutcome fairness, Governance
& Communication

Proportionality
Level of governance in relation to the
expected impact

Outcome fairness

Risk of bias and discrimination and the
need for deciding on fairness metrics in
relation to expected impact

Need for communication
Transparency and explanations
for external stakeholders

Governance requirements for data
collection and adoption of Al system

T Governance

Low High
Risk for bias and discrimination
Low High
Need for communication
and alignment of expectations
Low High

Fairness

F&5P HUD

Amount of data

Data Collectior

Are 2 datapoints variables or Minimal Maximal
LO0OO collected?
Type of data - -
Is the data based on behavior or Demographic Behavioral
demographics? data data
Frequency of data collection
Is data collected 24/7 or once per Rarely Frequently
year?
Data predictability
Will/can the client expect this kind Expectable Unexpectable
of data to be collected? data data
Model
Model Decisions
Model purpose
Does the model have a predictive or Causal explanations Predictive
an explanatory purpose?
Transparency & explainability
How explainable is the model? Transparent Explainable Black box
Accuracy ;
How accurate is the model? High Low
Human oversight
Are decisions made automatically Decision Fully
or does it involve a human? Supporting IVerification automatized

Granularity
What is the final level of granularity?

Aggregated in groups

Individual granularity

Dataindsamling
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Stakeholders &
kundeoplevelse

Ethical Trade-off Mapping

Step One & Two: Design and Discuss

F&5P HUD

Procedural Fairness & Impact
The attected client

Financial and social impact
The pool of customers
Financial and social impact

The company
Financial and reputational impact

Impactoncore
stakeholders

Society at large
Financial and social impact

Sensitivity (in outcome & data)
Would data-collection. processing
or outcome (impact) be considered
as sensitive?

Experience

Level of “intrusiveness”. Le. does
the Al system cause feelings of
surveillance

Client impact:

Penalty of “opting out™
Eg reduced of coverage or limited
access [0 resources

Posnm-'uc C Negative

)
P‘OSi(il—'L‘\J Negative

Positive Negative
Positive Negative
Not sunsnm-: : Sensitive
Not intrusive Intrusive
No penalty Penalty

Amount of data
Are 2 datapoints/variables or
LO0OO collected?

Data Collection

Minimal : C Maximal

Eksempel: Al Tl St

ress forebyggelse

Type of data .—O—’O—'
Is the data based on behavior or Demographic Behavioral
demographics? data data
Frequency of data collection
Is data collected 24/7 or once per Rarely Frequently
year?
Data predictability
Will/can the client expect this kind Expectable Unexpectable
of data to be collected? data data
Model Decisions
Model purpose
Does the model have a predictive or Causal explanations Predictive

an explanatory purpose?

Transparency & explainability
How explainable is the model?

Accuracy
How accurate is the model?

Human oversight
Are decisions made automatically
or does it involve a human?

Granularity
What is the final level of granularity?

M)

o)
Transparcm\./ Explainable 'Mc-x
(e )

High \-/ D U Low

Decision Review Fully
supporting /Werification automatized
Aggregated in groups Individual granularity

Dataindsamling
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kundeoplevelse

Ethical Trade-off Mapping

Step One & Two: Design and Discuss

Procedural Fairness & Impact

The attected client ()
Financial and social impact POS'I('I‘«'L‘U Negative
g
g E The pool of customers
£/ 2  Financial and social impact Paositive Negative
= &
9/ ¥  The company
E" .§ Financial and reputational impact Positive MNegative
Society at large
Financial and social impact Positive Negative
Sensitivity (in outcome & data) f-\
Would data-collection. processing Not sensitive U Sensitive
or outcome (impact) be considered
o as sensitive?
2 X
Experience
E Level of “intrusiveness”. Le. does Not intrusive Intrusive
E the Al system cause feelings of
o surveillance
Penalty of “opting out™
No penalty Penalty

Eg reduced of coverage or limited
access [0 resources

Step Three: Deploy
Outcome fairness, Governance
& Communication
Governance requirements for data
Proportionality collection and adoption of Al system

Level of governance in relation to the
expected impact

Outcome fairness Risk for bias and discrimination
Risk of bias and discrimination and the

need for deciding on fairness metrics in

Low : : High

relation to expected impact Low C O High

Need for communication
and alignment of expectations

M)

Need for communication
Transparency and explanations

for external stakeholders

Low U High

T Governance

F&5P HUD

Amount of data
Are 2 datapoints/variables or
LO0OO collected?

>

>

Type of data
Is the data based on behavior or
demographics?

Frequency of data collection
Is data collected 24/7 or once per
year?

Data predictability
Will/can the client expect this kind
of data to be collected?

Data Collection

Minimal Maximal
M)
Demographic U Behavioral
data data . .
Dataindsamling

Rarely Frequently
Expectable C Q\u’xpcmablc
data data

Fairness Data
; Model
Model purpose
Does the model have a predictive or
an explanatory purpose?

Transparency & explainability
How explainable is the model?

Accuracy
How accurate is the model?

Human oversight
Are decisions made automatically
or does it involve a human?

Granularity
What is the final level of granularity?

\se
Eksempe\: Al til stress forebygge

Model Decisions

Causal explanations Predictive

Transparerit E‘(D&lﬂ Q box
High C C Low

Fully
automatized

Review
IVerification

De: i
supporting

Aggregated in groups Individual granularity
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Hvorfor. bruge Tre konklusioner fra ra
vaerktgjet?

1. Atveerktgjet bidrager til at
inddrage den ngdvendige viden
pa tvaers af organisatoriske
niveauer (og eksternt)

En succesfuld implementering af Al-systemer kraever en
kombination af etisk overvejelse og tekniske faerdigheder

2.
Sa "skjulte” dilemmaer )
afdakkes fgr implementering, Impl.emente.rlngsproc.essen kraever et blandet hold af
og der sikres ngdvendig tekniske og ikke-tekniske medlemmer, sammen med
kendskab i organisationen hos passende ledelsesengagement
de som bruger eller pavirker af
en Al-lgsning
Tekniske lgsninger og etiske overvejelser bgr forankres i
3. Forat fa et holistisk forstaelse passende governancerammer, der afdeekker spgrgsmal om

der kan guide eksisterende effekt, inputdata, modellering og fairness
governance arbejde sasom A/

use case impact assessment
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Tak for jeres opmaerksomhed!

Kontakt

Alexander Gamerdinger

LinkedIn: https://www.linkedin.com/in/alexander-gamerdinger/
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