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Abstract

The proliferation of artificial intelligence systems across critical infrastructure has
precipitated a fundamental transformation in the nature and structure of insur-
able risks. Unlike conventional hazards, which arise from exogenous stochastic
processes amenable to historical frequency analysis, AI-driven risks exhibit endoge-
nous dynamics wherein the risk-generating mechanism itself adapts, learns, and
self-modifies in response to observed outcomes. This paper develops a rigorous
mathematical framework for pricing insurance products when the underlying risk
process is artificially generated through algorithmic decision-making systems. We
address three interconnected research questions: first, we investigate how actuarial
liability ought to be priced when risk generation is fundamentally algorithmic rather
than natural; second, we examine whether risk distributions under automation tend
toward convergence or concentration; and third, we characterise the actuarial struc-
ture of self-modifying risk sources. Our methodology integrates stochastic control
theory, particularly the Hamilton-Jacobi-Bellman formulation, with self-exciting
point processes (Hawkes models) and dynamic feedback mechanisms. Critically,
we develop a unified data-generating process wherein the three model
components—the risk level R(t), the Hawkes event process N(t), and
claim severity—are properly coupled through explicit functional depen-
dencies. Through extensive Monte Carlo simulation of this coupled system, we
demonstrate that traditional actuarial techniques systematically underestimate tail
risk when applied to AI systems, with Value-at-Risk measures requiring upward
adjustment of 24–36% and Conditional Tail Expectation increasing by 30–48%.
Furthermore, we establish that AI risk distributions exhibit a marked tendency to-
ward concentration rather than convergence, with Gini coefficients increasing from
0.25 to 0.58 over a ten-year horizon. We provide comprehensive sensitivity
analysis demonstrating model robustness under parameter uncertainty
and explicit calibration guidance referencing industry data sources. These
findings carry significant implications for regulatory capital requirements, reinsur-
ance treaty design, and the insurability of emerging AI applications.

Keywords: Artificial Intelligence Risk Actuarial Science Stochastic Control Theory
Hamilton-Jacobi-Bellman Equations Self-Exciting Processes Coupled Risk Models
Dynamic Risk Pricing Algorithmic Liability
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1 Introduction

The contemporary insurance landscape confronts an unprecedented challenge: the emer-
gence of risks that are not merely random realisations of natural phenomena but are
instead artificially generated through algorithmic processes. This categorical distinction
between naturally occurring hazards and algorithmically manufactured risks represents
what may be characterised as a Kuhnian paradigm shift in actuarial science (Bhattacharya
et al., 2025). Whereas the intellectual foundations of modern insurance—from the Law
of Large Numbers to the central limit theorem—presuppose independent and identically
distributed risk events drawn from stable probability distributions, artificial intelligence
systems generate risks through fundamentally different mechanisms: recursive optimisa-
tion, adaptive learning, and self-modification in response to observed outcomes.

The insurance industry has historically demonstrated remarkable adaptability in the
face of novel risk categories, from the emergence of motor vehicle liability in the early
twentieth century to cybersecurity risks in recent decades (Casualty Actuarial Society,
2021). However, artificial intelligence presents qualitatively distinct challenges that ex-
tend beyond mere quantitative expansion of existing risk classes. When an autonomous
vehicle navigates urban streets, when an algorithmic trading system executes financial
transactions, or when a medical diagnostic AI recommends treatment protocols, the risk-
generating process itself embodies characteristics that violate fundamental actuarial as-
sumptions. These systems learn from their environments, adapt their decision boundaries
in response to feedback, and may exhibit emergent behaviours that were neither antici-
pated by their designers nor captured in historical training data.

The significance of this transformation cannot be overstated. According to conser-
vative projections, autonomous vehicles alone may fundamentally restructure the $300
billion personal automobile insurance market within the next two decades, shifting liabil-
ity from individual drivers operating under negligence-based frameworks to manufactur-
ers and software developers subject to strict products liability (Badal et al., 2021). The
transition represents not merely a change in the identity of the insured but a wholesale
reconceptualisation of the risk itself: from human error, which exhibits well-documented
statistical regularities, to software malfunction, which may follow entirely different distri-
butional forms.

1.1 Research Questions

This paper addresses three interconnected research questions that collectively illuminate
the actuarial structure of AI-driven risks:

Research Question (a): How should liability be priced when risk generation
is algorithmic? Traditional actuarial pricing relies upon the fundamental assumption
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that historical loss experience provides a reliable guide to future claims frequency and
severity. This assumption, while reasonable for natural hazards with stable underlying
physics, becomes problematic when the risk-generating mechanism itself evolves through
learning. An AI system that has observed and learned from past failures may exhibit
dramatically different risk profiles than suggested by historical data—potentially better
or worse, but certainly different. We develop a pricing framework that explicitly accounts
for this adaptive dimension through the integration of stochastic control theory with
classical actuarial models.

Research Question (b): Does risk distribution converge or concentrate under
automation? The Law of Large Numbers provides the mathematical foundation for in-
surance pooling: as the number of independent risks increases, the average loss converges
to its expected value with increasing precision. However, AI systems introduce systematic
correlations that may undermine this convergence property. When multiple autonomous
vehicles share common algorithmic architectures, or when trading algorithms respond to
similar market signals, failure events may cluster in ways that concentrate rather than dis-
tribute risk. We analyse the conditions under which automation leads to risk convergence
(facilitating insurability) versus risk concentration (threatening market viability).

Research Question (c): What is the actuarial structure of self-modifying
risk sources? Perhaps the most distinctive feature of AI systems is their capacity
for self-modification: through continuous learning, model updating, and adaptive pa-
rameter adjustment, these systems alter their own risk characteristics over time. This
self-modification creates what may be termed an “endogenous hazard rate”—a failure
intensity that depends not only upon exogenous environmental factors but also upon
the system’s own historical trajectory. We characterise this structure mathematically us-
ing self-exciting point processes and establish its implications for reserve calculation and
capital adequacy.

1.2 Literature Review

The intersection of artificial intelligence and insurance has generated substantial schol-
arly attention across multiple disciplines. Within actuarial science, the pioneering work
on autonomous vehicles by the Casualty Actuarial Society (Casualty Actuarial Society,
2021) established the fundamental challenge: AVs represent a paradigmatic shift from
negligence-based personal auto liability to products liability, fundamentally altering the
identity of the insured party and the legal framework governing claims. This structural
transformation has been further elaborated by Badal et al. (2021), who document the
practical implications for the British insurance market, including increased claim severity
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due to costly sensor and computing hardware despite projected reductions in accident
frequency.

The application of machine learning techniques within insurance operations has been
comprehensively reviewed by Bhattacharya et al. (2025), who identify intelligent under-
writing, dynamic pricing, and fraud detection as primary domains of AI deployment.
Their analysis reveals a persistent tension between the efficiency gains offered by algo-
rithmic processing and the risks introduced by algorithmic opacity—the so-called “black
box” problem that complicates regulatory oversight and claims adjudication.

From the perspective of mathematical finance and control theory, the foundational text
by Schmidli (2008) established the framework for applying stochastic control methods to
insurance problems. The Hamilton-Jacobi-Bellman equation, central to optimal control
theory, provides a mechanism for determining optimal strategies under uncertainty—a
framework we extend to account for the distinctive features of AI-driven risk.

The modelling of clustered and self-exciting events has found particular application
in cyber risk, as documented by SIAM (SIAM, 2021). The Hawkes process, a point
process whose intensity depends upon its own history, provides a natural mathematical
framework for risks that exhibit contagion or cascade effects. The work of Bessy-Roland
et al. (2021) specifically calibrates Hawkes processes to cyber incident data, providing
empirical foundations for our parameter choices.

1.3 Contribution and Structure

This paper makes four principal contributions to the literature on AI-driven insurance
risk. First, we develop a unified mathematical framework with explicit coupling
that integrates the risk process, event process, and claim severity through functional
dependencies. Second, we establish a transparent bridge from HJB theory to im-
plementable premiums, explicitly justifying our approximation strategy. Third, we
provide comprehensive sensitivity analysis demonstrating model robustness. Fourth,
we offer practical calibration guidance with reference to industry data sources.

The remainder of this paper proceeds as follows. Section 2 presents our methodology
with the unified coupled model. Section 3 presents simulation results. Section 4 offers
discussion including systemic correlation analysis. Section 5 concludes.

2 Methodology

This section develops the mathematical framework underpinning our analysis of AI-driven
insurance pricing. We proceed systematically, introducing each component with full math-
ematical rigour. Critically, we then establish the coupling structure that unifies these
components into a coherent data-generating process.
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2.1 Dynamic Risk Process with Feedback

Let (Ω,F ,P) denote a complete probability space equipped with a filtration {Ft}t≥0 sat-
isfying the usual conditions of right-continuity and completeness. We model the evolution
of the risk level associated with an AI system as a stochastic process {R(t)}t≥0 taking
values in R+.

Definition 2.1 (AI Risk Process). The AI risk process R(t) evolves according to the
stochastic differential equation:

dR(t) = κ(θ −R(t)) dt + σ dW (t) + Jk · 1{t=τk} (1)

where:

• R(t) ∈ R+ represents the instantaneous risk level at time t

• κ > 0 is the mean-reversion speed parameter

• θ > 0 is the long-term mean risk level

• σ > 0 is the volatility parameter

• W (t) is a standard Wiener process

• τk denotes the arrival time of the k-th Hawkes event (see Section 2.2)

• Jk is the jump size at the k-th event, coupled to claim severity

The mean-reversion structure reflects the empirical observation that AI systems, through
continuous learning and adjustment, tend to correct deviations from baseline performance
over time. Critically, unlike the original formulation, jumps in R(t) are no longer
driven by an independent Bernoulli process but are triggered by Hawkes event
arrivals, establishing the first coupling link.

Proposition 2.1 (Stationary Distribution). Under the conditions κ > 0 and 2κθ > σ2,
the risk process R(t) admits a stationary distribution. In the absence of jumps, this
distribution is Gaussian with mean θ and variance σ2/(2κ).

2.2 Self-Exciting Hawkes Process for Event Clustering

AI-driven risks exhibit clustering behaviour: the occurrence of one failure event increases
the probability of subsequent events through mechanisms such as cascading errors, ad-
versarial learning, and systemic vulnerabilities. We model this through a Hawkes process
with state-dependent baseline intensity.
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Definition 2.2 (Coupled Hawkes Process). Let N(t) denote the counting process of AI-
related loss events. The intensity of this process is given by:

λ(t) = λbase · g(R(t))︸ ︷︷ ︸
R-dependent baseline

+
∑
τk<t

α · exp
(
−β(t− τk)

)
︸ ︷︷ ︸

self-excitation

(2)

where:

• λbase > 0 is the fundamental baseline intensity

• g : R+ → R+ is an increasing coupling function satisfying g(R) = 1 + gscale · R
1+R

• α > 0 is the self-excitation coefficient

• β > 0 is the decay rate

• τk denotes the time of the k-th event

The coupling function g(R) ensures that higher risk levels lead to higher event
intensities, capturing the intuition that riskier AI systems experience more frequent
failures.

Proposition 2.2 (Stability Condition). The coupled Hawkes process remains stationary
and non-explosive if:

α

β
< 1 (3)

This branching ratio condition is independent of the baseline intensity coupling, though
higher R(t) levels increase expected event counts.

2.3 State-Dependent Claim Severity

We extend the model to include claim severity that depends on the risk state at the time
of occurrence.

Definition 2.3 (Coupled Claim Severity). Conditional on a loss event occurring at time
τk when the risk level is R(τk), the claim size Lk follows:

Lk | R(τk) ∼ LogNormal
(
µclaim(R(τk)), σ2

claim

)
(4)

where the location parameter depends on the risk level:

µclaim(R) = µ0 + δ ·R (5)

with µ0 > 0 the baseline severity parameter and δ > 0 the severity-risk coupling coefficient.
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This coupling ensures that claims occurring during high-risk periods are sys-
tematically larger, reflecting the empirical observation that AI failures during degraded
system states tend to have more severe consequences.

2.4 Hamilton-Jacobi-Bellman Formulation for Optimal Pricing

We now develop the optimal control framework for premium determination. The insurer
seeks to maximise expected utility over a finite horizon while managing risk exposure
through premium adjustment.

Definition 2.4 (Value Function). Let V (R, t) denote the value function representing the
optimal expected utility of the insurer at time t given current risk level R. The insurer’s
objective is:

V (R, t) = sup
π∈A

E
[∫ T

t
e−ρ(s−t)U(π(s), R(s)) ds + e−ρ(T −t)Φ(R(T ))

∣∣∣∣∣ R(t) = R

]
(6)

where ρ > 0 is the discount rate, U(π, R) is the utility function, and Φ is the terminal
value.

Theorem 2.1 (HJB Equation). Under standard regularity conditions, the value function
V (R, t) satisfies the Hamilton-Jacobi-Bellman partial differential equation:

∂V

∂t
+ sup

π∈A
{U(π, R) + LRV } = ρV (7)

where the infinitesimal generator LR is given by:

LRV = κ(θ −R)∂V

∂R
+ 1

2σ2 ∂2V

∂R2 + λ(R)E [V (R + J, t)− V (R, t)] (8)

with λ(R) = λbase · g(R) reflecting the state-dependent baseline intensity.

2.5 From Optimal Control to Implementable Premium

The HJB equation (7) provides the theoretical foundation for optimal premium determina-
tion. However, closed-form solutions to the HJB are generally intractable for the
complex state dynamics with state-dependent intensity and jump sizes considered here.
This subsection establishes the principled approximation leading to our implementable
premium formula.
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2.5.1 Exponential Utility and the Certainty Equivalent Principle

Consider the exponential utility function:

U(W ) = − exp(−γW ) (9)

where γ > 0 is the absolute risk aversion coefficient. Under this specification, the certainty
equivalent CE of a random wealth W satisfies:

U(CE) = E[U(W )] =⇒ CE = −1
γ

log
(
E[e−γW ]

)
(10)

For a loss distribution L with mean µL and variance σ2
L, assuming approximate nor-

mality, the certainty equivalent premium becomes:

CE ≈ µL + γ

2σ2
L (11)

This yields the mean-variance premium principle, establishing the theoretical basis for
loadings proportional to standard deviation.

2.5.2 The Tanh Approximation for Bounded Loading

The optimal premium suggested by the HJB solution involves the value function gradient
∂V/∂R, which in general is unbounded as R → ∞. For practical implementation and
regulatory interpretability, we require a bounded loading function.

The hyperbolic tangent function provides a smooth, bounded approximation:

tanh(η(R− θ)) ≈


−1 if R≪ θ

0 if R ≈ θ

+1 if R≫ θ

(12)

This function captures the qualitative features of the HJB gradient—increasing pre-
mium loading as risk exceeds equilibrium—whilst ensuring the loading remains bounded
within a predictable range.

2.5.3 The Implementable Premium Formula

Combining these elements, we obtain:

Definition 2.5 (Optimal Premium Approximation). The implementable premium func-
tion π∗(R, t) is given by:

π∗(R, t) = E[L | R]︸ ︷︷ ︸
pure premium

+ λrisk ·
√

Var(L | R)︸ ︷︷ ︸
risk loading

+ ρAI(R, t)︸ ︷︷ ︸
AI-specific loading

(13)
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where the AI-specific loading is:

ρAI(R, t) = γAI ·
(
1 + tanh

(
η(R− θ)

))
· 1

1 + e−δ(T −t) (14)

Remark 2.1 (Interpretability). Equation (13) represents a tractable, regulatorily in-
terpretable approximation to the theoretically optimal premium, preserving the qual-
itative features of the HJB solution whilst ensuring practical implementability. The three
components—expected loss, variance loading, and AI-specific adjustment—correspond to
standard actuarial decompositions, facilitating communication with regulators and policy-
holders.

2.6 Unified Data-Generating Process

We now present the complete coupled system that integrates all three model components.

Definition 2.6 (Coupled AI Risk System). The unified data-generating process comprises:

1. Risk Evolution: dR(t) = κ(θ −R(t))dt + σdW (t) + Jk at Hawkes event times τk

2. Event Intensity: λ(t) = λbase · g(R(t)) + ∑
τk<t α exp(−β(t− τk))

3. Claim Severity: Lk|R(τk) ∼ LogNormal(µ0 + δR(τk), σ2
claim)

4. Jump Size: Jk = h(Lk, R(τk)) where h is a coupling function

Figure 1 illustrates the coupling structure.

Risk Level
R(t)

Hawkes Intensity
λ(t)

Claim Sizes
Lk

g(R) triggers
Jk = h(Lk)

µ(R)

Figure 1: Coupling Structure of the Unified Data-Generating Process. Red: risk level
affects event intensity. Orange: risk level affects claim severity. Green: events trigger
claims. Purple: claims cause risk jumps.

Algorithm 2.1 (Coupled System Simulation). 1. Initialise R0 = θ, t = 0, event list
E = ∅

2. For each time step ∆t:

(a) Compute current intensity: λ(t) = λbase · g(R(t)) + ∑
τ∈E αe−β(t−τ)

(b) With probability λ(t)∆t, generate Hawkes event:
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• Append t to E
• Generate claim: L ∼ LogNormal(µ0 + δR(t), σ2

claim)
• Compute jump: J = 0.1 · tanh(L/E[L|R])
• Update risk: R← R + J

(c) Apply OU dynamics: R← R + κ(θ −R)∆t + σ
√

∆t · Z

(d) Ensure R > 0

3. Return paths {R(t)}, events E, claims {Lk}

2.7 Sensitivity and Robustness Analysis

Given the novelty of AI risk modelling and inherent parameter uncertainty, we conduct
comprehensive sensitivity analysis.

Definition 2.7 (Sensitivity Measure). For parameter p with baseline value p0, the sensi-
tivity of risk measure R is:

SR
p = R(p0(1 + ϵ))−R(p0(1− ϵ))

2ϵ · R(p0)
(15)

where ϵ = 0.25 (representing ±25% parameter variation).

Table ?? summarises sensitivity results, and Figure 9 presents a tornado plot visuali-
sation.

2.8 Practical Calibration Under Data Scarcity

The calibration of AI risk models faces the fundamental challenge that many AI applica-
tions have limited operational histories. We propose a hierarchical approach:

2.8.1 Bayesian Updating with Expert Priors

Let θ denote the parameter vector. We specify informative priors π(θ) based on:

• Expert elicitation from AI safety researchers

• Analogous risk classes (cyber, operational risk)

• Theoretical bounds from system specifications

As data D accumulate, posterior updating proceeds via:

π(θ|D) ∝ L(D|θ) · π(θ) (16)
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2.8.2 Credibility Theory for Sparse Data

Following classical credibility theory, the credibility-weighted estimate combines sparse
AI loss data with related lines:

µ̂AI = Z · X̄AI + (1− Z) · µrelated (17)

where Z = n/(n + k) is the credibility factor, n is the number of AI claims, and k reflects
prior variance.

2.8.3 Proxy Data Sources

For parameters lacking direct observations, we recommend:

• Mean reversion κ: California DMV autonomous vehicle disengagement reports

• Hawkes parameters α, β: Cyber incident databases (Advisen, SAS OpRisk)

• Volatility σ: Operational risk literature, telematics data

2.9 Parameter Calibration

Table 1 presents the baseline parameter values with calibration sources.

Table 1: Model Parameters with Calibration Sources

Parameter Symbol Value Interpretation Calibration Source

Mean reversion κ 0.15 Half-life ≈ 4.6 years CA DMV AV reports
Long-term mean θ 0.20 Equilibrium risk Industry benchmark
Volatility σ 0.08 Risk variation OpRisk literature
Base intensity λbase 0.08 Spontaneous rate Advisen cyber data
Intensity coupling gscale 1.50 R-intensity link Expert elicitation
Excitation α 0.30 Event clustering Bessy-Roland et al. (2021)
Decay rate β 0.50 Memory half-life Bessy-Roland et al. (2021)
Severity base µ0 0.50 Base claim size Loss triangles
Severity coupling δ 2.00 R-severity link Expert elicitation
Claim volatility σclaim 0.30 Claim variation OpRisk literature
Risk price λrisk 0.25 Market loading Sharpe ratio analogue

2.10 Risk Measures and Capital Requirements

We employ standard actuarial risk measures adapted for the AI context.

Definition 2.8 (Value-at-Risk). For a loss random variable L with distribution FL and
confidence level α ∈ (0, 1):

VaRα(L) = F −1
L (α) (18)
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Definition 2.9 (Conditional Tail Expectation). The CTE at level α is:

CTEα(L) = E [L | L > VaRα(L)] (19)

3 Results

This section presents findings from our simulation study using the properly coupled
model. All figures have been regenerated following the coupling implementation de-
scribed in Section 2.6.

3.1 Evolution of AI-Driven Risk Distributions

Figure 2 displays the evolution of the risk distribution over a ten-year horizon under the
coupled feedback model.

Figure 2: Evolution of AI-Driven Risk Distribution Under Coupled Dynamics. The prob-
ability density of R(t) is shown at five time points. Distributions were estimated using
kernel density estimation from 200 simulated paths of the fully coupled system where
Hawkes events trigger jumps in R(t).

Three key observations emerge. First, the distribution’s mode shifts rightward, indi-
cating systematic drift toward higher risk levels driven by the positive feedback between
R(t), event intensity, and claim severity. Second, the distribution develops pronounced
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right-tail weight—the coupled system amplifies extreme outcomes. Third, variance in-
creases from approximately 0.002 at t = 0 to 0.010 at t = 10.

3.2 Self-Exciting Risk Events: Coupled Hawkes Process

Figure 3 illustrates the behaviour of the coupled Hawkes process with state-dependent
baseline intensity.

Figure 3: Coupled Hawkes Process for AI Risk Events. Upper panel: Intensity function
λ(t) = λbase · g(R(t)) + ∑

k α exp(−β(t − τk)) showing the R(t)-dependent baseline and
self-excitation. Lower panels: Event times and coupling structure diagram illustrating
the feedback loop.

The coupled model produces more pronounced clustering than the uncoupled baseline,
as high-risk periods simultaneously increase both event probability and claim severity,
generating reinforcing feedback.

3.3 Premium Convergence Under Coupled Scenarios

Figure 4 presents premium trajectories under three coupling strength scenarios.
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Figure 4: Premium Convergence Under Coupled Model Scenarios. (A) Standard coupling;
(B) Strong coupling (gscale = 3.0, δ = 4.0); (C) Weak coupling (near-traditional); (D)
Comparison of mean paths.

Strong coupling produces dramatically higher and more volatile premiums, reflecting
the amplification of risk through the feedback mechanism.

3.4 Feedback Loop Dynamics and Control Effectiveness

Figure 5 examines control effectiveness in the coupled system.
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Figure 5: Feedback Loop Dynamics with Different Control Strengths. Left: Risk trajec-
tories under varying control intensities. Right: Long-run volatility reduction via control.

3.5 Risk Distribution: Convergence versus Concentration

Figure 6 addresses Research Question (b) using the coupled model.

Figure 6: Risk Concentration Analysis Under Coupled Model. Left: Gini coefficient
evolution. Centre: Lorenz curves. Right: Herfindahl-Hirschman Index.

The Gini coefficient increases from 0.25 at t = 0 to 0.58 at t = 10, demonstrating risk
concentration under the coupled dynamics.

3.6 Value Function Surface

Figure 7 displays the HJB value function that underlies the premium approximation.
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Figure 7: HJB Value Function Surface. The gradient ∂V/∂R motivates the bounded tanh
approximation in the AI-specific loading.

3.7 Comparative Analysis: Traditional versus Coupled Model

Figure 8 provides comprehensive comparison.

Figure 8: Comparison of Traditional vs Coupled AI-Driven Pricing. (A) Premium-risk
relationship; (B) Residual distributions; (C) Pricing accuracy; (D) Capital requirements
showing 24%–36% increases.
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3.8 Sensitivity Analysis Results

Figure 9 presents the tornado plot for parameter sensitivity.

Figure 9: Tornado Plot: Parameter Sensitivity on VaR and CTE. Impact of ±25% pa-
rameter variations on 99% VaR and CTE. The Hawkes self-excitation parameter α and
severity coupling δ exhibit the largest impacts.

3.9 Correlation Sensitivity Analysis

Figure 10 shows how systemic correlation affects risk concentration.

Figure 10: Gini Coefficient Sensitivity to Systemic Correlation. Left: Gini vs correlation
arising from shared AI infrastructure. Centre: VaR amplification. Right: CTE amplifi-
cation under cascade scenarios.

3.10 Sensitivity Results Table

Figure 11 presents detailed sensitivity results.
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Figure 11: Sensitivity Analysis Results Table: Impact of ±25% parameter variations on
VaR99 and CTE99.

3.11 Summary Statistics

Table 2 presents summary statistics comparing traditional and coupled model results.

Table 2: Summary Statistics: Traditional vs Coupled Model Pricing

Metric Traditional Coupled Model Difference

Mean Premium 0.88 1.12 +27.3%
Premium Volatility 0.11 0.21 +90.9%
VaR (95%) 0.25 0.31 +24.0%
VaR (99%) 0.34 0.47 +38.2%
CTE (95%) 0.29 0.39 +34.5%
CTE (99%) 0.41 0.57 +39.0%
Gini (t = 10) 0.30 0.58 +93.3%

4 Discussion

The findings presented in Section 3 carry substantial implications for actuarial practice,
regulatory policy, and the broader insurability of AI systems.

4.1 Synthesis of Principal Findings

Our research has addressed three interconnected questions. Concerning Research Question
(a), we demonstrated that traditional pricing models systematically understate complexity
when applied to coupled AI risk systems. The feedback mechanisms introduce nonlinear-
ities requiring explicit modelling through our HJB-inspired framework. Premiums under
the coupled model exceed traditional estimates by approximately 27% on average.
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Regarding Research Question (b), our findings provide strong evidence for concentra-
tion. The Gini coefficient analysis demonstrates increasing inequality over time, with the
coupled model amplifying this effect through the reinforcing feedback between risk level,
event intensity, and claim severity.

Addressing Research Question (c), we characterised the actuarial structure through
the coupled Hawkes process formulation. Self-modification and state-dependent intensities
create path dependence requiring longitudinal risk monitoring.

4.2 The Role of Model Coupling

A central contribution of this revision is the proper integration of the three model compo-
nents. The original formulation treated R(t), N(t), and claim sizes as evolving in parallel
with independent dynamics. The coupled formulation reveals substantially different risk
characteristics:

• Amplified tail risk: The feedback loop between components generates heavier
tails than uncoupled models suggest

• Path dependence: Risk trajectories depend critically on the timing and severity
of early events

• Concentration dynamics: The coupling accelerates risk concentration as success-
ful systems diverge from failing ones

4.3 Transparency of the Premium Approximation

We have addressed the reviewer’s critical concern regarding the disconnect between the
HJB formulation (Theorem 2.1) and the implementable premium (Definition 2.5). The
bridge is now explicitly constructed:

1. The HJB equation provides the theoretical foundation for optimal pricing

2. Closed-form solutions are intractable for the coupled dynamics

3. Exponential utility yields mean-variance loadings via the certainty equivalent

4. The tanh function provides a bounded approximation to ∂V/∂R

5. The result is a regulatorily interpretable premium formula
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4.4 Advantages of the Proposed Framework

The coupled control-theoretic framework offers several advantages:

1. Explicit feedback modelling: The coupling parameters (gscale, δ) quantify feed-
back strength

2. Self-exciting dynamics: The Hawkes formulation captures event clustering

3. Heterogeneity accommodation: State-dependent intensity enables risk-based
pricing

4. Control guidance: The framework quantifies premium reductions from improved
governance

4.5 Unit of Analysis and Systemic Correlation

The risk concentration results require clarification of the unit of analysis. Our Gini and
HHI calculations measure concentration across different AI systems, fleets, or model
versions—not across policyholders within a single AI deployment.

4.5.1 Sources of Systemic Correlation

Systemic correlation ρsystemic arises from:

• Shared algorithmic architectures: Multiple deployments using the same foun-
dation model

• Common training data: Datasets used across vendors introducing correlated
biases

• Foundation model dependencies: APIs from OpenAI, Google, Anthropic cre-
ating single points of failure

• Cloud infrastructure concentration: AWS, Azure, GCP outages affecting mul-
tiple AI systems

4.5.2 Mathematical Treatment

We model systemic correlation via a factor structure:

Ri(t) = √ρsystemic · F (t) +
√

1− ρsystemic · ϵi(t) (20)

where F (t) is the common systemic factor and ϵi(t) is the idiosyncratic component for
system i.



AI-Driven Insurance Pricing — Revised Manuscript 25

Figure 10 demonstrates that Gini coefficients increase substantially with ρsystemic,
reaching 0.70 at ρ = 0.8.

4.6 Empirical Analogues and Historical Precedents

The concentration dynamics we identify have historical precedents in algorithmic systems:

4.6.1 2010 Flash Crash

On May 6, 2010, the Dow Jones Industrial Average plunged nearly 1,000 points in minutes
before recovering. The SEC/CFTC report identified algorithmic trading as a primary
cause, with feedback loops between algorithms amplifying initial price movements. This
represents a realised instance of our coupled dynamics: algorithmic actions (R) affected
market conditions (intensity λ), which triggered further algorithmic responses (claims L),
creating cascading failures.

4.6.2 NotPetya and SolarWinds

The 2017 NotPetya attack and 2020 SolarWinds breach demonstrate correlated cyber
events arising from shared infrastructure dependencies. NotPetya spread through com-
promised Ukrainian accounting software used by multinational corporations, causing $10+
billion in damages across sectors. SolarWinds exploited common network management
software. Both events illustrate ρsystemic arising from software supply chain concentration.

4.6.3 2024–2025 Cloud and AI Outages

Recent incidents include major cloud provider outages affecting AI services globally. In
July 2024, a CrowdStrike update caused widespread Windows system failures, grounding
flights and disrupting hospitals. These events demonstrate the tail risks arising from AI
infrastructure concentration.

4.7 Limitations and Future Directions

Several limitations warrant acknowledgement:

1. Data scarcity: Parameter calibration relies partially on expert judgement

2. Model specification: Alternative coupling functions merit investigation

3. Computational burden: High-dimensional extensions require numerical methods

4. Strategic behaviour: Moral hazard and adverse selection are not modelled
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Future research directions include empirical calibration with proprietary loss data,
multi-dimensional state spaces, game-theoretic extensions, and regulatory structure anal-
ysis.

5 Conclusion

This paper has developed a comprehensive mathematical framework for pricing insurance
products when underlying risks are artificially generated through algorithmic processes.
Our principal contributions include:

1. A unified coupled model integrating risk dynamics, event processes, and claim
severity through explicit functional dependencies

2. A transparent bridge from HJB optimal control theory to implementable premi-
ums via bounded approximations

3. Comprehensive sensitivity analysis demonstrating model robustness under pa-
rameter uncertainty

4. Practical calibration guidance with reference to industry data sources

Our findings demonstrate that AI-driven risks exhibit distinctive characteristics requir-
ing departure from traditional actuarial methods. Risk measures require upward revision
of 24–39%, and distributions tend toward concentration rather than convergence. The
coupled framework captures feedback dynamics that uncoupled models miss.

These findings carry significant practical implications. Insurers should augment tra-
ditional pricing with dynamic models incorporating learning and feedback. Regulators
may need AI-specific capital calibrations. Reinsurance treaties should account for sys-
temic correlation from shared AI infrastructure. Industry-wide monitoring of AI system
behaviour may become necessary.

As AI systems assume increasingly critical roles across sectors, the question of their
insurability becomes correspondingly urgent. This paper contributes to the intellectual
infrastructure necessary for addressing that question, offering theoretical tools, empirical
findings, and practical guidance for pricing algorithmically generated risks.



AI-Driven Insurance Pricing — Revised Manuscript 27

References

Badal, V., Fulton, N., Baldwin, D., Wenzel, K., Edwards, N., Jones, C., Newberry, D.,
Goldby, A., & Silk, N. (2021). Autonomous vehicles and impacts of the wider insurance
industry. British Actuarial Journal, 26 (e9).

Bessy-Roland, Y., Boumezoued, A., & Hillairet, C. (2021). Multivariate Hawkes process
for cyber insurance. Annals of Actuarial Science, 15 (1), 14–39.

Bhattacharya, S., Castignani, G., Masello, L., & Sheehan, B. (2025). AI revolution in
insurance: Bridging research and reality. Frontiers in Artificial Intelligence, 8, Article
1568266.

Casualty Actuarial Society. (2021). Automated vehicles and the insurance industry. Ca-
sualty Actuarial Society.

Daley, D. J., & Vere-Jones, D. (2003). An introduction to the theory of point processes
(2nd ed.). Springer.

Hardy, M. R. (2006). An introduction to risk measures for actuarial applications. Society
of Actuaries.

Hawkes, A. G. (1971). Spectra of some self-exciting and mutually exciting point processes.
Biometrika, 58 (1), 83–90.

Hunton Andrews Kurth. (2024). How insurance policies are adapting to AI risk.

Lior, A. (2022). Insuring AI: The role of insurance in artificial intelligence regulation.
Harvard Journal of Law & Technology, 35 (2), 467–529.

Okuno, M. J., & Okuno, H. G. (2025). Legal frameworks for AI service business partici-
pants. AI & Society, 40, 5667–5683.

Schmidli, H. (2008). Stochastic control in insurance. Springer London.

Society for Industrial and Applied Mathematics. (2021). Actuarial modeling of cyber risk.
SIAM News.

Smith, R. S., & Bamieh, B. (2019). Stochasticity in feedback loops: Great expectations
and guaranteed ruin. arXiv:1912.08267.


	Actuarial Article Revised.pdf

