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2026 International Workshop on Risk and Insurance, 서울
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Turning heterogeneity into risk classes
▶ Variance decomposition, for some latent risk factor Θ ,

Var[Y ] = E[Var[Y |Θ]]︸ ︷︷ ︸
within

+ Var[E[Y |Θ]]︸ ︷︷ ︸
between

.

▶ In practice, insurers observe only a vector of covariates X ,

Var[Y ] = E[Var[Y |X ]]︸ ︷︷ ︸
→ insurer

+ Var[E[Y |X ]]︸ ︷︷ ︸
→ policyholder

.

▶ The residual uncertainty decomposes as

E[Var[Y |X ]] = E[Var[Y |Θ]]︸ ︷︷ ︸
irreducible risk

+ E[Var[E[Y |Θ]|X ]]︸ ︷︷ ︸
epistemic uncertainty

.

▶ [De Pril and Dhaene, 1996] interpret this distinction as the difference between
random solidarity and subsidiary solidarity, while [Charpentier and Denuit, 2004,
Charpentier and Denuit, 2005, Antonio and Valdez, 2012] show how observable
heterogeneity is translated into tariff classes.
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Information asymmetry: private information and selection
▶ Insurance markets are vulnerable to asymmetric information : when policyholders

know more about their risk than insurers, pooling contracts may attract high-risk
types and destabilize the market [Akerlof, 1970, Rothschild and Stiglitz, 1976].

▶ Empirical tests of asymmetric information ask whether coverage choices still
predict losses after controlling for observable risk characteristics
[Chiappori and Salanié, 2000].

▶ Genetic information made this problem especially visible: private knowledge about
future health risks can undermine mutualization even before any claim occurs
[Hoy and Polborn, 2000, Lehtonen and Liukko, 2011].

▶ Risk-classification bans can protect individuals against reclassification risk, but
they also change participation, cross-subsidies, and market equilibrium
[Dionne and Rothschild, 2014].

▶ The classical concern is therefore not too much information, but unequal access
to information.
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Information granularity: reducing epistemic uncertainty?
▶ Granular information reduces epistemic uncertainty by making latent

heterogeneity partially observable [Bühlmann and Gisler, 2005].
▶ More variables, finer spatial resolution, telematics, genetic data, and behavioural

traces all make it easier to replace pooled uncertainty by classified heterogeneity
[Eling et al., 2022].

▶ But finer classification does not only improve prediction: it also redistributes
premiums, changes participation, and may weaken the social meaning of insurance
[Lehtonen and Liukko, 2011].

▶ Removing protected variables is not enough, because granular covariates may
reconstruct protected or socially sensitive information
[Lindholm et al., 2022a, Lindholm et al., 2022b, Charpentier, 2024].

▶ Granularity also raises inclusive-insurance issues: some predictive information may
be accurate but should fade over time, as in debates on criminal records,
rehabilitation, and the right to be forgotten [Charpentier and Schraub, 2026].
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Natural catastrophe maps: pricing granularity and withdrawal

Source: https://www.georisques.gouv.fr/cartes-interactives/

▶ Vulnerability maps turn spatial heterogeneity
into observable and increasingly priceable risk
classes [Dalbarade et al., 2026].

▶ Even when natural catastrophe coverage is
formally pooled, access to insurance may
depend on the underlying household contract.

▶ Granular pricing can attract low-risk
households, while high-risk areas face higher
premiums, stricter conditions, or localized
non-quoting.

▶ The key regulatory object is therefore not only
the average premium, but also local availability,
insurer presence, and effective withdrawal.
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Actuarial fairness: fairness relative to information

▶ Actuarial fairness is usually defined by the idea that equal risks should pay equal
premiums [Charpentier, 2024].

▶ But “equal risks” depends on the information set: full profile, tariff class, score,
group, or protected attribute.

▶ Coarser information gives weaker notions of fairness: global balance, calibration by
score, calibration by group, or full risk-based pricing [Charpentier et al., 2026a].

▶ [Charpentier et al., 2026b] frame the resulting tension as a trilemma between
actuarial adequacy (“actuarial fairness”)), solidarity (“cross-subsidies”), and

causal legitimacy .
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AI Risk in Insurance
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From AI for insurance to insurance for AI

▶ AI is not only a tool used by insurers; it is also becoming an insured exposure
embedded in firms, products, services, and professional decisions
[Szpruch et al., 2025].

▶ Many AI losses will first appear through familiar insurance lines: cyber, technology
E&O, professional liability, product liability, D&O, and regulatory risk.

▶ What is new is the combination of opacity, scale, speed, model updates, and
difficult ex-post attribution.

▶ The actuarial question is therefore not simply whether AI is risky, but whether the
risk can be bounded, observed, priced, monitored, and evidenced.
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Common models, common failures

▶ AI creates accumulation risk : portfolios may look diversified by sector or
geography while depending on the same models, APIs, clouds, datasets, or agent
frameworks [Charpentier, 2026a].

▶ A model update, data poisoning event, prompt-injection vulnerability, retrieval
failure, or compromised API can affect many insureds at once.

▶ This weakens the usual law-of-large-numbers intuition: losses may be
synchronized by shared technological infrastructure .

▶ Underwriting therefore requires a map of the AI supply chain: provider, model
version, cloud, API, data source, retrieval system, tools, agents, and
change-management process.
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Prioritizing AI risks: severity, vulnerability, responsibility
▶ [Saeri et al., 2026] use a Delphi study

of 272 international experts to rank 24
AI risk domains by severity, likelihood,
vulnerability, and responsibility.

▶ Under a business-as-usual scenario,
experts judge 18 of the 24 domains to
have more than a 10% probability of
catastrophic outcomes by 2030.

▶ For insurance, the key message is the
mismatch between vulnerability and
control : users and affected
stakeholders are most exposed, while
developers, regulators, governments,
and standards bodies are seen as most
responsible.

§ freakonometrics freakonometrics.hypotheses.org – Arthur Charpentier, 2026 International Workshop on Risk and Insurance 11 / 14

https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/


LLMs: plausible outputs, costly verification

▶ LLM failures are not limited to hallucinations: they include retrieval errors,
prompt injection, privacy leakage, biased outputs, insecure code, and incorrect
tool use [Bender et al., 2021, Bommasani et al., 2021, Weidinger et al., 2021].

▶ Benchmarks evaluate controlled tasks, while insurance must deal with
deployed systems , incentives, changing environments, and downstream losses
[Bengio et al., 2025a, Bengio et al., 2025b].

▶ AI systems often shift the cost of reliability from production to verification:
outputs are cheap, but checking them may be expensive.

▶ A human-in-the-loop is not a control unless the human has time, competence,
authority, and incentives to challenge the model output [Elish, 2019].
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Proof, traceability, and insurability

▶ Insurance can make proof financially relevant: coverage may depend on logs,
audits, monitoring, incident reporting, and documented controls
[National Institute of Standards and Technology, 2023, OECD, 2025].

▶ The insured system must be defined: use case, model, version, provider, data
source, retrieval layer, tools, agents, and update regime.

▶ Governance must be operational, not symbolic: checklists do not prove that
controls were active when the loss occurred
[Raji et al., 2020, Mitchell et al., 2019].

▶ Conditional insurability follows: bounded, documented, monitored AI may be
insurable; autonomous, opaque, unlogged AI may require exclusions, sublimits, or
refusal.
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From “code is law” to “vibe code is liability”
▶ [Lessig, 1999] famously argued that “code is law” . It means that software does

not merely execute rules; it also shapes behavior by defining what users can do,
what they cannot do, what is easy or costly, and what remains visible or hidden.

▶ Vibe coding turns software risk into provenance risk: after a loss, can the insured
reconstruct the path from prompt to production [Charpentier, 2026b]?

▶ AI-generated code creates a software supply-chain exposure: prompts, model
versions, generated diffs, tests, dependencies, permissions, and approvals become
part of the risk record.

▶ The underwriting question is not only “Do you use AI?”, but “How can
AI-generated code enter production?”

▶ Policy tools include approved-tool representations, retained logs, mandatory
review, vulnerability scanning, SBOM updates, exclusions for unreviewed
autonomous deployment, and aggregation clauses for common model or tool
failures [Sculley et al., 2015, Pearce et al., 2021].
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