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Abstract

Index insurance is often proposed to reduce protection gaps, especially for emerging risks.

Unlike traditional insurance, it bases compensation on a measurable index, enabling faster

payouts and lower claim management costs. This approach benefits both policyholders,

through quick payments, and insurers, through reduced costs and better risk control due to

reliable data and robust statistical estimates. An important difference with the concept of

Cat Bonds is that the feasibility of such coverage relies on the possibility of mutualization.

Mutualization, in turn, is achieved only if a sufficiently high number of policyholders agree

to subscribe. The purpose of this paper is to introduce a model for the demand for index

insurance and to provide conditions under which the solvency of the portfolio is achieved.

From these conditions, we deduce a product that combines index and traditional indemnity

insurance in order to benefit from the best of both approaches. We illustrate our results with

a practical example involving the design of an index insurance product in the field of cyber

insurance.
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1 Introduction

Index insurance is often promoted as a solution capable of addressing certain structural weak-

nesses of traditional indemnity-based insurance (see for example Barnett and Mahul [2007],

Carter et al. [2017], Prokopchuk et al. [2018] or Han et al. [2019]). The principle of these

coverages lies in the use of an index (or parameter) that can be easily calculated based on

information available immediately after the incident. This automated calculation significantly

simplifies claim management. Since the compensation is determined without the need for an

expert to evaluate the amount, it can be paid out very quickly to the policyholder. The clarity

of the indemnification conditions also reduces the likelihood of legal disputes. On the other

hand, the policyholder must bear basis risk (see Clement et al. [2018]), as the compensation is

not based on the actual loss but instead on an approximation of the latter. Consequently, there

is a concern that index insurance may have a disappointing aspect, which is seen as a barrier to

its development (see Johnson [2021]).

The design of an index that can serve as the basis for insurance coverage is similar to a

statistical problem of estimation or prediction: using available variables, the goal is to approx-

imate as closely as possible an unobserved quantity (the loss experienced by the policyholder),

see Cesarini et al. [2021b]. However, this problem involves a number of constraints due to the

need to align with the policyholder’s expectations. For instance, the construction of an index

proposed by Conradt et al. [2015], Zhang et al. [2019], or Chen et al. [2023] is based on maxi-

mizing the policyholder’s utility rather than relying on a more standard metric commonly used

in regression or forecasting.

Indeed, behind the question of meeting the policyholder’s needs lies the issue of demand.

Index insurance remains an insurance product: while other index-based products, such as Cat

Bonds, can achieve balance through diversification strategies inherent to financial instruments,

most index insurance products rely on mutualization to withstand adverse outcomes. However,

the mutualization mechanism requires a sufficiently large number of policyholders. Insufficient

demand will weaken the product, beyond simply failing to recover the cost of designing the

index.

The purpose of the present paper is to study, through a modeling of the demand for index

insurance, the viability of such a product when it competes with a traditional indemnity-based

insurance product. The aim here is less about designing an optimal index and more about

examining the conditions under which such an index becomes acceptable in a situation where

the insurer must meet a solvency requirement. Particular attention will be paid to the impact of

the loading factor applied to the premium (this loading factor can be lower in the case of index

insurance due to reduced management costs), policyholders’ risk aversion, and compensation

delays of the competing indemnity-based insurance as levers for achieving this objective. This
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analysis will also lead us to propose the construction of a ”hybrid” coverage: by hybrid, we mean

a combination of traditional indemnity-based insurance with index insurance, which supplements

it in certain cases to leverage the best of both approaches, with index insurance not intervening

when the basis risk is too high.

The rest of the paper is organized as follows. In Section 2, we set up the notations and

formalize the problem of demand in index insurance and its link with solvency. Section 3

then shows conditions to meet (under the assumption that the utility of the policyholder is

exponential) in order to achieve a sufficient demand in index insurance. These conditions lead

to a natural choice for a hybrid coverage, mixing traditional and index insurance. This hybrid

coverage is presented in Section 3.3. A practical example in cyber insurance is then provided in

Section 4.

2 Notation and settings

In this section, we formalize the general framework that we consider to study the demand

(Section 2.1) and solvency (Section 2.2) of a portfolio of index insurance products—first in the

classical case where policyholders are independent, and then by introducing Section 2.3 to add

an accumulation component that may arise when a large number of policyholders experience a

simultaneous claim.

2.1 Index insurance demand and statement of the problem

We consider a situation where a policyholder has a choice between two insurance products:

• The first one is a ”traditional” indemnity-based insurance product, where the loss Y ≥ 0

of the policyholder in the following year is fully covered.

• The second one is an index insurance product, which is based on ϕ(W), where W is a set

of covariates measured after a claim in order to compute the index.

Typically, ϕ(W) will be lower than Y , with overcompensation assumed to be rare in index

insurance. To simplify, we consider that a policyholder experiences at most one claim; otherwise,

W should be understood as the (different) circumstances of all encountered claims. If there is

no claim, Y = 0 and ϕ(W) = 0.

A traditional way to model the demand in insurance relies on the concept of expected utility,

as in Cummins and Mahul [2004], Hao et al. [2018], or Eeckhoudt and Kimball [1992]. A

refinement of this approach, especially in the context where there is a choice between different

products, is proposed in Braun and Muermann [2004] or Fujii et al. [2016] and relies on the notion

of ”regret”. In this paper, we concentrate on the most classical framework, that is, expected
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utility, also because of recent contributions to the design of index-based covers which rely on

expected utility maximization (see, for example, Zhang et al. [2019] or Chen et al. [2023]).

Consider a class of utility functions U = {x ∈ R→ Uα(x) : α ∈ A} , where A ⊂ Rk. Every

function Uα is assumed to be non-decreasing and strictly concave to represent risk aversion.

Each policyholder is associated with a different function, that is, with a different value of α.

The decision to buy index insurance compared to indemnity-based insurance is motivated by

the maximization of the expected utility of the final wealth.

• In the case of index insurance, the policyholder pays a premium πϕ, incurs a loss Y , and

receives a compensation ϕ(W). The corresponding expected utility is

Uϕ(α) = E [Uα(ϕ(W)− Y − πϕ)] .

where πϕ = (1+θ)E[ϕ(W )], and θ > 0 is the loading factor of the index insurance product.

• In the case of indemnity-based insurance, the difference lies in the fact that the price is πY ,

but the compensation is Y. However, we want to reflect the fact that this compensation

is usually paid with a longer delay than with index insurance, which may be problematic

for the policyholder who requires liquidity to repair the damages. Therefore, we consider

that the compensation will be discounted by a factor exp(−τ) for some τ ≥ 0. This leads

to the following expected utility for this solution:

UY,τ (α) = E [Uα ({exp(−τ)− 1}Y − πY )] .

where πY = (1 + θY )E[Y ], and θY > 0 is the loading factor of the indemnity-based

insurance product.

Let us note that we did not consider the initial capital of the policyholder. This can be taken

into account by incorporating it into the parameter α (which may be multivariate). Moreover,

let us assume that we consider a function defined on R to allow the possibility of a negative

value for the policyholder’s wealth (in which case, a debt is created).

A policyholder with parameter α ∈ Rk will choose to rely on index insurance only if

Uϕ(α)− UY,τ (α) > 0. (2.1)

Here, we assume to simplify that the customer buys one of the two contracts. Alternatively,

one could easily consider the option where a third choice of not buying any insurance protection

is possible.
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2.2 Effect on mutualization

To be viable, an index insurance product needs to be subscribed by a sufficient number of

policyholders. Consider a target population of potential customers of large size N , the number

of policyholders buying the index insurance contract will be approximately

n = N

∫
1Uϕ(α)−UY,τ (α)>0dµ(α), (2.2)

where µ is the cumulative distribution of α among the population.

The question is then to know if this number n is large enough to build a portfolio that is

economically viable. Considering that (Yi)1≤i≤n are the losses of the n policyholders, the loss of

the insurance company is

Ln(πϕ) =

n∑
i=1

ϕ(Wi)− nπϕ.

The size of the portfolio should be large enough to ensure that ruin during the next year is

avoided with a sufficiently high probability, that is we want

P (Ln(πϕ) ≥ 0) ≤ ε, (2.3)

where ε > 0 is close to zero.

If we assume that the policyholders are independent and identically distributed, the Central

Limit Theorem applies, and

n1/2

{
1

n

n∑
i=1

ϕ(Wi)− π∗ϕ

}
−→

n→∞
N
(
0, σ2ϕ

)
,

where σ2ϕ = V ar(ϕ(W)) and π∗ϕ = E[ϕ(W)]. From this distributional convergence, one can

deduce the approximation

P (Ln(πϕ) ≥ 0) ≈ S

(
n1/2θπ∗ϕ
σϕ

)
,

where S is the survival function of a N (0, 1) variable, and πϕ = (1+ θ)π∗ϕ, with θ > 0 being the

loading factor of the index insurance product. Hence (2.2) approximately rewrites

n1/2θπ∗ϕ
σϕ

≥ S−1(ε). (2.4)

Of course, increasing θ does not necessarily lead to an improvement in solvency, since n

decreases with θ as demand is reduced.

We will keep this Gaussian approximation in the next parts, but let us note that this re-

quires the variance of ϕ(W) to be finite, which may not be the case for extremely heavy-tailed

5



distributions. If ϕ(W) is extremely heavy-tailed, and if ε is small compared to πϕ, other kinds of

approximations based on Generalized Pareto distributions may be used, see for example Mikosch

and Nagaev [1998] for more details. However, extremely heavy-tailed variables are not our main

focus in the present paper, since they are incompatible with the exponential utility approach

developed in section 2 (which requires the loss to have a finite Laplace transform).

The independence and identical distribution assumption is justified if the field of application

of the index insurance product is restricted to cases where policyholders are not individuals but

large geographical areas (such as villages, cities, departments, regions, etc.) or large entities such

as companies in the case of cyber insurance, as is the application in this paper. However, despite

this restrictive context of application, there remains a slight probability of accumulation, at least

on a fraction of the portfolio. For example, in the case of crop insurance (which is probably one of

the most famous use cases of index products, see for example Cesarini et al. [2021b] or Barnett

and Mahul [2007]), weather events may strike a group of geographical areas simultaneously.

To account for that, we propose, in the following section, a simplified way to proceed via the

introduction of a shock on the i.i.d. model that materializes the presence of catastrophic events.

2.3 A simplified way to include accumulation phenomena

An accumulation phenomenon occurs when a significant number of policyholders encounter

claims in a short period of time. In climate-related risk, this is essentially linked to the proximity

between policyholders: policyholders that live in the same area are affected by similar weather

conditions. In other cases, the dependence may not solely rely on geographic proximity, such as

in cyber insurance. In such cases, it may be hopeless to obtain a clear map of the links between

the policyholders. Moreover, trying to model the dependence between policyholders would

introduce an additional difficulty in our context, where we take demand into account: even in

the case of geographic dependence, this would require modeling a link between the distribution

µ (describing the behaviors of the policyholders) and the localization of the potential customers.

Calibrating the model would then require an important amount of data that may be difficult to

obtain.

Consequently, we consider a simplified case where the accumulation episode materializes via

an additional loss, which is heavy-tailed. The total loss of the portfolio is then

Ln(πϕ) = An +

n∑
i=1

ϱiϕ(Wi)− nπϕ,

where ϱi = 0 if policyholder i was part of an accumulation episode, and An represents the

aggregated amount related to accumulation episodes.

For An, we consider a Generalized Pareto distribution, that is
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P(An ≥ t) =
1(

1 + γt
ns

)1/γ ,
with γ < 1 and s > 0. Here we consider a Generalized Pareto where the scale parameter is

proportional to n: this is the idea that the cost of the accumulation episode is proportional to

the size of the portfolio.

In this case, the probability of ruin is bounded by

P (Ln(πϕ) ≥ 0) ≤ P
(
An −

nθ

a
≥ 0

)
+ P

(
n∑

i=1

ϕ(Wi)−
(
1

θ
+

{
1− 1

a

})
nθπ∗ϕ ≥ 0

)
,

for all a > 1. Using the same Gaussian approximation as in section 2.2, the right-hand side is

approximately

1(
1 + γθ

as

)1/γ + S

(
(a− 1)

n1/2θπ∗ϕ
aσϕ

)
.

To make this quantity less than the tolerance ε, we need

n1/2θπ∗ϕ
σϕ

≥ a

(a− 1)
S−1

ε− 1(
1 + γθ

as

)1/γ
 , (2.5)

if

1 < a <
γθεγ

s(1− εγ)
,

which imposes that θ should be large enough to absorb the accumulation episode.

Logically, dealing with an additional accumulation risk increases the number of required

policyholders to achieve mutualization. Moreover, a constraint appears on the loading factor θ,

which should be large enough. Again, since the achievable n tends to decrease when the loading

factor increases due to a lower demand, this number may become impossible to reach in some

cases.

In the following section, we discuss conditions on the demand for (2.4) and (2.5) to hold

in the special case where the utility function is exponential: a simple form of the utility which

allows obtaining light constraints on the measure µ.
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3 Sufficient conditions for the viability of an index insurance

product under exponential utility

In this section, we consider the particular case where the utility function is exponential. This

allows us to simplify considerably the formulation of the problem and to provide, in section 3.1,

sufficient conditions for an index insurance product to be preferable compared to a traditional

one. Then, we consider in section 3.2 the consequences on the solvency of the portfolio. Section

3.3 introduces a way to combine traditional and index insurance to optimize the attractiveness

of the product.

3.1 Exponential utility

In this section, we consider Uα(x) = −(1/α) exp(−αx). The parameter α can be interpreted as

a materialization of risk aversion, in the sense that a policyholder with a high value of α will

tend to accept a higher premium in exchange for insurance protection against the risk. In this

case, the condition (2.1) can be simplified. We introduce the Laplace transform and conditional

Laplace transforms of Y ,

ΨY (α) = E [exp(αY )] ,

ψY (α|w) = E [exp(αY )|W = w] .

We assume that ΨY (α) <∞ for all α in the support of µ. Then,

Uϕ(α)− UY,τ (α) > 0 ⇐⇒ −α
{
E [ψY (α|W) exp (−α{ϕ(W)− πϕ})]−ΨY (α

′) exp(απY )
}
> 0,

⇐⇒ E [ψY (α|W) exp (−αϕ(W))] < ΨY (α
′) exp (α(πY − πϕ)) , (3.1)

where α′ = (1− exp(−τ))α.
From this expression, we see that condition (2.1) is essentially a matter of bounding the

difference mY (α|W) − ϕ(W), where mY (α|w) = logψY (α|w)/α. The difference (which is

positive from Jensen’s inequality) should be small enough compared to the difference in prices

πY − πϕ, and the presence of ΨY (α
′) allows this difference to go higher when τ increases.

Therefore, a first idea could be to take ϕ(w) = mY (α|w) as an indemnity function. But

this solution would not be efficient, in the sense that this pay-off would lead to too high a price:

from Jensen’s inequality, the pure premium would then be

E [mY (α|w)] > E[Y ].
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Hence, except if we are very close to equality (which would happen only if α is close to zero

and/or Y |W has a variance close to zero), it would become very difficult to offer a premium

πϕ smaller than πY , and in some cases even impossible with a loading factor θϕ > 0. In

addition to the problem of high prices, this type of contract would typically lead to a too

important compensation in many cases. This may collide with some legal constraints depending

on insurance regulations1.

To be compatible with this operational necessity to keep a low price, we consider a pay-

off ϕ(w) = ϕβ(w) = βE[Y |W = w], with β ≤ 1. This choice also allows us to control the

probability of over-compensating for a claim. From Chernoff’s inequality, this probability is

P (Y − βE[Y |W] < 0|W = w) ≤ ψY (ρ|w) exp (−ρ(1− β)E[Y |W = w]) , (3.2)

for all ρ > 0 such that ψY (ρ|w) <∞. This inequality can be used to control the proportion of

cases where the compensation is too high.

Another approach to define the pay-off is to perform utility maximization as in Zhang et al.

[2019] and Chen et al. [2023]. In such an approach, the idea is to maximize a trade-off between

large amounts of compensation ϕ(W) and an affordable price. However, let us note that, with

this approach, E[ϕ(W)] may be greater than E[Y ] in some situations. Therefore, we prefer

in this setting to consider a particular shape of pay-off, determining which difference of price

between the indemnity and the index product is acceptable by the customer. If we determine a

situation where ϕ(W) = βE[Y |W], associated with a loading factor θ, is an acceptable index

product, an additional optimization can be performed if the constraint on E[ϕ(W)] ≤ E[Y ] is

not an issue. Finally, we believe that the choice of the value of β is best left in the hands of the

insurer, as long as it is clearly stated at the signing of the contract and the policyholder is aware

of the structure of the product being purchased. Indeed, one could imagine a product in which

an insurer offers various proportions of coverage of the expected average loss, and policyholders

choose the proportions corresponding to the premiums they are willing and able to pay. Such an

approach, along with its advantages and limitations, is discussed to some extent in Liang et al.

[2023], Marone and Sabety [2022], and Woodard [2016].

Proposition 3.1 shows that the index insurance product is chosen by a policyholder with risk

aversion α provided that the loading factor θ is small enough and that constraint (3.3) on the

conditional Laplace transform at point α holds.

Proposition 3.1 Assume that

1For example, according to French legislation, this could be interpreted as ”enrichment without cause”, al-

though the existence of a claim may be a protection against this argument. See for example S. Bros, L’assurance

paramétrique en assurance de dommages, bjda.fr 2023, Dossier n° 6.
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sup
w∈W

mY (α|w)− ϕβ(w)

E[Y ]
< 1− β + θY . (3.3)

Let

η(α, β) = 1− β + θY −
{

sup
w∈W

mY (α|w)− ϕβ(w)

E[Y ]

}
.

Then, for τ ≥ 0, Condition (2.1) holds if

θ ≤ η(α, β)

β
.

Hence, in this case, there exists an index insurance product with a positive loading factor that is

preferable for a policyholder with risk aversion α.

The proof is given in section 6.2.

In this result, condition 3.3 is key and needs to be examined more closely. By Jensen’s

inequality, mY (α|w) ≥ E[Y |W = w], so

mY (α|w)− ϕβ(w) ≥ (1− β)E [Y |W = w] .

Taking the expectation, we see that

E [mY (α|w)− ϕβ(w)]

E[Y ]
≥ 1− β. (3.4)

Hence, a necessary condition for condition 3.3 is that the difference between the left-hand side

and right-hand side of (3.4) is not too high (less than θY ). This difference tends to become

lower when α tends to zero, confirming the intuition that risk aversion plays against the index

insurance product. Moreover, a smaller value of V ar(Y |W = w) will also reduce the gap

between mY (α|w)−ϕβ(w) and its lower bound (1− β)E[Y |W = w]. This directly refers to the

ability to efficiently predict Y from the available information W, from which is computed the

index.

3.2 Consequences on the solvency of the portfolio

Let us note that proposition 3.1 only provides a sufficient condition for Condition (2.1) to hold.

It is valid for all values of τ, including τ = 0, and is then sufficient to obtain a lower bound

for the demand, since higher values of τ will increase the disadvantage of the indemnity-based

insurance product. In case of τ > 0, there is room for weakening (3.3) and/or the condition on

θ.

From proposition 3.1, we easily get the following corollary.

10



Corollary 3.2 Assume that (3.3) holds for some α0 > 0. Then, if θ ≤ η(α, β)β−1, Condition

(2.1) holds for all values of α ∈ (0, α0 + hβ(τ)] with

hβ(τ) = F−1
(
F (α0) exp(−τ) exp(−α[πY − πϕβ

])
)
− α0,

where F (α) = Ψ′(α) = E[Y exp(αY )], and

n ≥ Nµ ((0, α0 + hβ(τ)]) . (3.5)

This result is a direct consequence of the more general result of Lemma 6.1.

Proposition 3.3 Under the framework of section 2.2 (i.i.d. policyholders and no accumulation

phenomenon) and the conditions of Corollary 3.2, condition (2.3) holds for ϕβ provided that

θ ≤ η(α, β)β−1 and

η(α, β) ≥ σβS−1(ε)

N1/2E[Y ]µ ((0, α0 + hβ(τ)])
1/2

, (3.6)

where

σ2 = V ar (E[Y |W]) ,

which can also be rewritten as

sup
w∈W

mY (α|w)− ϕβ(w)

E[Y ]
≤ 1− β + θY −

σβS−1(ε)

N1/2E[Y ]µ ((0, α0 + hβ(τ)])
1/2

.

In the case where the possibility of accumulation episodes is included as in section 2.3, the

result of Proposition 3.4 is slightly modified.

Proposition 3.4 Under the framework of section 2.3 (probability of an accumulation phe-

nomenon described by a Generalized Pareto distribution) and the conditions of Corollary 3.2,

condition (2.3) holds for ϕβ provided that θ ≤ η(α, β)β−1 and that, for some ε′ < ε and a > 1,

η(α, β) ≥ max

(
σβaS−1(ε− ε′)

(a− 1)N1/2E[Y ]µ ((0, α0 + hβ(τ)])
1/2

,
aβs(1− ε′γ)

γε′γ

)
(3.7)

which can also be rewritten as

sup
w∈W

mY (α|w)− ϕβ(w)

E[Y ]
≤ 1−β+θY−max

(
σβaS−1(ε− ε′)

(a− 1)N1/2E[Y ]µ ((0, α0 + hβ(τ)])
1/2

,
aβs(1− ε′γ)

γε′γ

)
.

The proofs of these two results are given in section 6.3.

Again, according to Propositions 3.3 and 3.4, solvency can be achieved as long as (mY (α|w)−
ϕβ(w))/E[Y ] is sufficiently small, which, as we mentioned earlier, can be interpreted as the
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ability of W to capture sufficient information on Y. Let us note that, in this condition, the

uniformity with respect to w is an important weak point: one expects to have situations where

it is harder to approximate Y from W, leading to an increase in V ar(Y |W = w). This leads to

the introduction, in the next section, of a hybrid product, mixing indemnity and index insurance,

where the use of index insurance is restricted to the most favorable type of events.

3.3 The hybrid product

Let

Wα(e, β) = {w ∈ W : mY (α|w)− ϕβ(w) ≤ e} .

We define the following pay-off:

heα,β(Y,W) = exp(−τ)Y 1
W∈Wα,β(e)

+ ϕβ(W)1W∈Wα,β(e), (3.8)

where A is the complementary set of the set A.
The idea is that we use index insurance only in cases where we expect this solution to

be reliable. From Proposition 3.1, we saw that the unfavorable situations for index insurance

compensation are those where mY (α|w) − ϕβ(w) is large, which motivates the introduction of

Wα,β(e). We consider that mY (α|w)− ϕβ(w) is large if it exceeds a certain threshold e. In this

case, policyholders will have a higher utility if they are compensated through indemnity-based

insurance (see Section 3.1). As with β, the choice of e is left to the discretion of the insurer.

However, the latter should keep in mind that this choice will influence both the proportion of

policyholders who prefer compensation through index insurance and the maximum loading factor

θmax at which index insurance can be sold to a given population. We believe that, in practice,

the insurer will choose the value of e corresponding to this maximum loading factor, provided

that the number of policyholders willing to accept compensation through index insurance is

sufficient to make the product economically viable (see Sections 2.2 and 2.3). The impacts of

the choice of e in a practical example are discussed in Section 4.3.1.

The premium πh associated with this product is

πh = (1 + θY )E
[
Y |Wα,β(e)

]
(1− pe(α, β)) + (1 + θ)E [ϕβ(W)|Wα,β(e)] pe(α, β),

where pe(α, β) = P(W ∈ Wα,β(e)). We apply the same loading factor θY as for indemnity

insurance to cases where exact compensation is offered, the lower loading factor θ being applied

only to the index part. The higher loading factor of indemnity insurance directly reflects the

increased claims management costs associated with this type of coverage. This hybrid design

bears a conceptual resemblance to the blended insurance scheme proposed by Zhang [2024].

Proposition 3.5 provides a condition for the hybrid product heα,β to be chosen instead of the

traditional indemnity-based contract.
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Proposition 3.5 If

ηe(α, β) = 1− β + θY −
e

E [Y |We(α, β)] pe(α, β)
, (3.9)

then, if θ ≤ ηeβ−1, the policyholder with risk aversion less than α prefers the contract defined by

the pay-off heα,β for all τ ≥ 0.

From the fact that (3.9) should be non-negative, we see that the set Wα(e, β) should not be

too small, otherwise the probability pe(α, β) could make the left-hand side larger than 1−β+θY .
On the other hand, one could be tempted to take a low value for e to control the difference

between mY (α|w) and ϕβ(w), but this mechanically tends to makeWe(α, β) shrink. Let us also

note that a too important increase of e introduces more constraints on θ : a decrease of ηe(α, β)

makes condition (3.9) easier to achieve, but the loading factor θ then should be smaller.

Proof. Similarly to the case of a full index product, the situation Uheα,β
(α) − UY,τ (α) > 0

implies

E
[
α exp(Y − heα,β(Y,W))

]
≤ E[exp(α′Y )] exp(α[πY − πh]). (3.10)

With α′ = (1− exp(−τ))α
The left-hand side rewrites

(1− pe(α, β))E[exp(α′Y )] + E
[
exp (α {mY (α|W)− ϕβ(W)})1W∈Wα,β(e)

]
≤ (1− pe(α, β))E[exp(α′Y )] + exp(αe)pe(α, β)

≤ E[exp(α′Y )]

{
(1− pe(α, β)) +

exp(αe)

E[exp(α′Y )]
pe(α, β)

}
≤ E[exp(α′Y )] exp(αe).

Moreover,

πY − πh = (1 + θY − β − βθ)E[Y |Wα,β(e)]pe(α, β).

Hence, a sufficient condition for (3.10) is

e

E [Y |Wα,β(e)] pe(α, β)
≤ 1− β + θY − βθ,

which means that θ should be less than ηe(α, β)β
−1. As for the proof of Proposition 3.1,

Uheα,β
(α)− UY,τ (α) > 0 implies that Uheα,β

(α̃)− UY,τ (α̃) > 0 for any α̃ ≤ α.

4 Practical illustration

We illustrate in this section the results obtained previously with an example in the field of cyber

insurance. We begin by studying the solvency requirements discussed in sections 2.2, 2.3 and
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3.2, and we end by showing how to deduce in which cases index insurance is relevant (see section

3.3). In section 4.1, we describe the database and the choices made for the different parameters

required in our models. Section 4.2 focuses on the requirements of index insurance to ensure

solvency, and finally, section 4.3 is devoted to the design of the hybrid product presented in

section 3.3.

4.1 Description of the context and the database

One of the complexities of cyber insurance lies in the difficulty of assessing the economic losses

associated with a cyberattack. These losses are multifaceted and cannot be reduced to just

damage to digital assets. Numerous high-profile examples, such as the Wannacry attack or the

Colonial Pipeline breach, show that the damages are less related to the ransom amount than to

the business interruption.

The database.

We consider a synthetic database of business interruptions related to cyber attacks2. The

events contained in this database reflect real-life situations, but random noise has been intro-

duced for the sake of confidentiality, and the data have been rescaled to reflect market trends

which are consistent with the premium levels we consider in the following.

The database contains n = 10, 000 claims. On each claim i, the following information is

available:

• the loss amount Yi;

• the duration of the business interruption Ti;

• Xi ∈ {t1, · · · , t5} is a qualitative variable related to the type of service that is impacted ;

• an indicator variable δi ∈ {0, 1}, equal to 1 if the policyholder was able to activate a

backup plan that potentially mitigated the impact of the business interruption;

• an indication of the quality of the backup plan Bi ∈ (0, 1), corresponding to the expected

proportion of activity that is preserved once the backup plan has been triggered ; this

quantity is anticipated from security audit performed before the claim ;

• Λi = (Ti − Ui)+ where Ui is the delay before triggering the backup plan.

The available information just after the claim is Wi = (Ti, Xi, δi, Bi,Λi).

Some descriptive statistics are provided in Table 1. We see that in the absence of a backup

plan, policyholders are on average exposed to a loss nearly 6,000 euros higher than those with a

backup plan. This difference is even more striking when considering that the higher losses in the

2Available here: https://github.com/dnkameni/cyber_cloud_interruption/blob/main/loss_data.csv
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absence of a backup occur over significantly shorter average interruption durations. For further

analysis, see Figure 8 in the appendix, which presents the densities of these two variables.

Variable Mean Minimum Maximum Standard deviation

Y (in 103 euros) 109.08 1.09 2128.59 113.37

T (in days) 2.09 0.01 19.65 2.39

Y, δ = 1 95.56 1.09 902.21 85.31

T, δ = 1 3.20 0.01 16.09 2.64

Y, δ = 0 118.25 2.01 2128.59 128.16

T, δ = 0 1.33 0.01 19.65 1.85

Table 1: Descriptive statistics for the database.

The duration of business interruption T is a key factor in assessing the consequences of cyber

attacks, as highlighted in several studies, including Tam et al. [2023]. Indeed, this variable is

expected to be strongly correlated with the amount of loss. In our dataset, the linear correlation

coefficient between losses and duration of business interruption is 0.57. This value is 0.65 for

policyholders who activated a backup plan and 0.75 for policyholders who failed to activate a

backup plan. Figure 1, which shows a plot of losses due to business interruptions against the

duration of the interruptions, appears to confirm these observations. Moreover, the duration of

a business interruption can be measured immediately after the occurrence of the interruption,

without requiring lengthy and costly expert evaluations. It is therefore quite natural to use this

variable as the core component for constructing an index-based insurance product. Generally,

the impact of a given duration of service interruption depends heavily on the sector of activity

and the size of the affected company. In this simplified example, we consider a portfolio composed

of policyholders with homogeneous profiles — that is, operating in the same sector, located in

the same country, and of similar size.

Premium amount.

In this simplified framework, we assume that each policyholder pays the same premium,

calculated as the average compensation within the portfolio. To determine a reasonable value

for the loading factor θY , we refer to the loss ratios observed on the market between 2020 and

2022 for medium-sized companies (according to the terminology used in the LUCY — Light

Upon Cyber Insurance — report on the French market, published by AMRAE3). The reported

loss ratios are 45% (2020), 36% (2021), and 100% (2022), yielding an average of approximately

60%. For the purpose of this illustration we thus make the assumption that the premium πY is

calibrated to yield an average margin of 40% above the pure premium, that is, we set θY = 0.4.

3Association pour le Management des Risques et l’Assurance de l’Entreprise. See the AMRAE report LUCY,

https://www.amrae.fr/bibliotheque-de-amrae/lucy-light-upon-cyber-insurance-2024-edition
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Figure 1: Losses Y against duration of interruption T with a distinction between policyholders

whose backup plans were activated and those whose backup plans failed to kick-in. We observe

an increasing relationship between losses and duration of interruption

It is important to emphasize that this loading factor is not intended to accurately reflect

actual market practices: premium levels can vary significantly from one customer to another,

and loss ratios are not always anticipated. The current state of the cyber insurance market is still

highly unstable. As shown in the same LUCY report, the amount of premiums has fluctuated

considerably from year to year, illustrating the constant re-evaluation of risk by insurers in

response to their prior underwriting results.

Frequency of claims.

The dataset we consider provides information about the severity of claims, but not about

their frequency, as there is no indication of exposure. Thus, it informs us about the pay-off in

the event of a claim, but not about the probability of such a claim occurring.

To assume a plausible value for frequency, we set the probability of experiencing an incident

to p = 0.06. This value is inspired by the LUCY report (492 medium-sized companies in the

sample, with 30 claims reported). Once again, we recall that, for simplification, our framework

assumes that a policyholder does not experience more than one claim per year.

Demand and risk aversion.

In this application, we adopt an exponential utility function and must specify a measure

µ to describe the distribution of risk aversion among potential policyholders. In the absence

of a rigorous market study to assess price elasticity, modeling the distribution µ is the most

questionable assumption. Again, the goal here is only to illustrate the methodology presented

in this paper, not to provide a reliable estimate of cyber insurance demand.

We consider here that µ is a shifted exponential distribution, that is

dµ(t) = λ exp(−λ(t− α−))1t≥α− .
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Figure 2: Estimation of α → logΨY (α)/α (exponential premium). The left point corresponds

to the value of risk aversion corresponding to an exponential premium equal to πY . The right

point (blue) corresponds to the case where πY increases by 40%.

To determine the value of α−, we observe that the target population of policyholders who already

subscribed an insurance contract accepted a price πY . Since their preferences are described via

an exponential utility, this is possible only if their risk aversion α is high enough. If we do not

take into account the potential discount factor τ at this stage, this means that

logΨY (α−)

α−
= πY .

Estimating empirically α→ ΨY (α) from the database (see Figure 2), we get α− = 0.049.

Next, to consider a proper value for λ, we make the assumption that half of the population of

the policyholders is ready to accept an increase of 40% of the premium. This choice is arbitrary,

but is motivated by the fact the LUCY report noted an increase of 84% of the collected premiums

over 2022, for an increase of 53% of the number of policyholders in the perimeter of the study

(while deductible increase and insurance capacity stays stable). This seems to indicate that

all of the current policyholders were ready to accept an increase of approximately 20% of their

premium. The proportion 40% that is taken to set the value of λ is then based on twice this

number. This leads to λ = 45.08.

4.2 Empirical analysis of the solvency requirements of index insurance

In this section, we assume that a given population is exposed to an insurance market offering

two types of insurance contracts: index insurance and indemnity-based insurance. We also

assume that individuals are rational and will choose the insurance product that they expect to

have the highest positive impact on their financial well-being. In other words, they will select

the insurance product that maximizes their expected utility of wealth (see Section 2.1). We
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then study how the number of individuals in this target population who accept index insurance

varies with certain factors that are likely to influence the demand for this type of insurance.

This number is compared to the minimum number of policyholders needed to ensure, with high

probability, the solvency of an index insurer in both classical situations and situations involving

accumulation of losses (see Sections 2.2 and 2.3).

We set the tolerance level ε at 0.5%. This choice is motivated by the regulatory requirement

in Europe that insurers must hold sufficient capital to ensure a 99.5% probability of remaining

solvent over a one-year period (see Scherer and Stahl [2021]). The values of the parameters

used in the accumulation setting (see Section 2.3) are set at s = 0.003, γ = 0.5, and a = 2.4.

These values are chosen such that the condition 1 < a < γθεγ

s(1−εγ) holds for θ > 0.18 (recall that

θY = 0.4).

To construct ϕβ(W) = βE[Y |W], we set β = 0.9 and estimate E[Y |W] using four different

models: a linear model (an approach similar to that of Giné et al. [2007]), a regression tree

model, a random forest model, and an eXtreme Gradient Boosting (XGBoost) model. The

performances of these models on the in-sample data are presented in Table 2. The random forest

and XGBoost models exhibit better performance than the linear and regression tree models. This

indicates that these models have a higher probability of accurately predicting the losses suffered

by policyholders for a given index value.

Model RMSE R2 MAE Correlation

Linear model 4.307 0.599 2.813 0.774

Regression trees 4.197 0.619 2.787 0.787

Radom forests 3.018 0.811 1.897 0.901

XGBoost 2.601 0.856 1.741 0.925

Table 2: Models used to build the index payout ϕ.

These high accuracies support the use of index insurance, as shown in Figure 3. This figure

presents a plot of the number of policyholders who accept index insurance in the target popula-

tion against the delay in compensation of the competing indemnity-based insurance product. We

observe that, for a given compensation delay in the indemnity-based product, index insurance

products whose payouts are built using random forest or XGBoost models are likely to attract

more policyholders. This is explained by the fact that the superior performance of these models

reduces basis risk, which is one of the major challenges of index insurance. The reduced basis

risk increases the satisfaction policyholders derive from index insurance, thereby enhancing the

product’s attractiveness. This highlights the positive impact that machine learning can have on

the design and commercialization of index insurance. However, the less performant linear and

regression tree models have the advantage of being more interpretable and easier to explain to
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Figure 3: Number of policyholders n in the population of size N who prefer index insurance, as

a function of the delay in compensation τ of the competing indemnity-based insurance product.

The values of n are represented for four index payout models. The reference values are computed

for ε = 0.5%

policyholders and regulators.

The results of the linear regression presented in Table 3 are consistent with what is typically

expected in practice. Specifically, we observe that the losses suffered by policyholders increase

with longer interruption times. Conversely, these losses tend to decrease in the presence of a

backup plan, with longer durations of backup use, and with higher backup efficiency.

Constructing ϕβ(W) is equivalent to learning the relationship between the loss Y and the

index W. For this, we use the entire dataset described in Section 4.1. However, we consider

a target population of size N = 500, which approximately corresponds to the number of poli-

cyholders in the LUCY study (medium-sized companies). Figure 4 shows how the number of

policyholders n in the population N who accept index insurance varies with the mean risk aver-

sion in the population ᾱ, and the loading factor of index insurance θ. This figure also illustrates

the minimum number of policyholders required in the portfolio to ensure solvency with a 99.5%

probability under both classical and accumulation scenarios.

As expected, the minimum number of policyholders in an index insurance portfolio required

to ensure solvency with a probability of 99.5% in the presence of accumulation is higher than the

number needed when there is no accumulation. This is because greater mutualization is necessary

to address accumulation and to efficiently ”dilute” large losses among policyholders. For the

same reason, in the presence of accumulation, this minimum required number of policyholders

increases with the heaviness of the tails of the distribution of accumulation events (see Section

2.3), as shown in Figures 3 and 4.

Panels (a) and (b) of Figure 4 empirically confirm the intuition that risk aversion works
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(a) n vs ᾱ. (b) U vs α.

(c) n vs θ.

Figure 4: Number of policyholders n in the population of size N who prefer index insurance, as a

function of the mean risk aversion in the population ᾱ and the loading factor of index insurance

θ. The reference values are computed for ε = 0.5%. Panel (b) shows a plot of expected utility

against risk aversion for index and indemnity-based insurance.

against index insurance. This conclusion aligns with that of Clarke [2016], which states that

the optimal demand for index insurance at any positive price is zero for infinitely risk-averse

individuals. Panel (a) shows a steady decrease in the number of policyholders who accept index

insurance as the mean risk aversion in the population increases, all else being equal. This results

from the fact that, above a certain level of risk aversion, the utility policyholders derive from

index insurance drops below that of indemnity insurance and continues to decrease rapidly with

increasing risk aversion, as shown in panel (b). According to Clarke [2016], this can be explained

by the presence of basis risk4 in index insurance. Indeed, basis risk can reduce the wealth of

policyholders (on average), thereby lowering their expected well-being or expected utility. A

risk-averse individual may therefore choose indemnity-based insurance instead, which in this

setting provides higher compensation. However, moderately risk-averse individuals might behave

4This is the risk that the payout of the index insurance contract differs from the actual loss suffered by

policyholders Clement et al. [2018]
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differently, considering that the lower price of index insurance is sufficient to justify the basis risk.

This distinct behavior of moderately risk-averse individuals is also highlighted by Clarke [2016].

Finally, note that this analysis holds if the delay in compensation of indemnity-based insurance

is moderate. If the competing indemnity product on the market has a significantly longer

compensation delay, then even extremely risk-averse individuals might opt for index insurance,

as the delay in indemnity-based compensation would considerably reduce the expected present

value of their wealth.

This observation appears to be confirmed by Figure 3, which shows the relationship between

the number of policyholders who prefer index insurance, n, and the delay in compensation of

the competing indemnity-based insurance product, τ , for a fixed distribution of risk aversion

and a fixed index insurance loading factor. We observe that it might be impossible to launch

an index insurance product on the market if it does not efficiently address the issue of delays in

indemnity-based compensation. Specifically, if the difference in compensation speed between the

two products is not sufficiently high in favor of index insurance, then the number of individuals

in the population who accept index insurance will be insufficient to ensure solvency with a

99.5% probability, regardless of whether accumulation is present. In practice, a low difference

in compensation time could result from excessive paperwork or verification procedures imposed

by a regulator on index insurance, to the extent that it loses its speed advantage.

The number of individuals in the population who prefer index insurance decreases with an

increase in the loading factor θ of the index insurance contract, all else being equal. This

is illustrated in Panel (c) of Figure 4, and it is a result that was expected. Indeed, as the

loading factor of index insurance increases, policyholders are presented with a product that not

only suffers from basis risk but is also priced closer to an equivalent indemnity-based insurance

contract (θY = 0.4). Some individuals will then prefer to pay the same price for the indemnity-

based product, which offers better coverage, assuming the compensation speed is reasonable. In

practice, the lower loading factor of index insurance compared to its indemnity-based counterpart

is achieved by eliminating claims management and expert assessment costs.

We also observe in panel (c) a decrease in the minimum number of policyholders required

to ensure solvency at a 99.5% probability as the index insurance loading factor increases. This

is because, as index insurance becomes more expensive, the insurer earns more income from

each policy sold. This increased income allows the insurer to cover all claims with a smaller

portfolio, whether under classical loss or accumulation scenarios. This decreasing relationship

between the solvency thresholds and θ enables the insurer to determine a minimum loading

factor θmin ≈ 0.18 at which the index insurance product can be sold competitively relative to

indemnity-based insurance (with θY = 0.4). If an insurer were to offer the same index insurance

product designed in this section to a population with the same characteristics as ours, applying

a loading factor of 0.18 would result in a portfolio of slightly more than 260 policyholders, which
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would be sufficient to ensure solvency with a 99.5% probability in the absence of accumulation.

Attempting to increase the number of policyholders by reducing the premium loading could

expose the insurer to the risk of insolvency. An alternative solution could be to optimize claims

management procedures (e.g., using Artificial Intelligence) to accelerate them, thereby increasing

demand for the index insurance product as shown for different values of τ in panel (c). Another

solution could be to educate the population about the advantages of index insurance, aiming to

mitigate the influence of risk aversion on demand (see Panel (a)).

4.3 Empirical analysis of a hybrid approach

In this section, we consider an insurance setting where an insurer can compensate losses using

either an index insurance mechanism or an indemnity-based insurance mechanism. This insurer

aims to propose each type of coverage where it is most suitable for policyholders and therefore

more likely to be accepted. The identification of the various cases uses a criterion which is built

using information on both the behavior and preferences of policyholders, as well as data on the

index. However, the ultimate goal is to rely solely on index values to determine the type of

coverage to apply. This section is an application of Section 3.3.

Identifying the cases where index insurance is more suitable for compensation amounts to

determining the values of the index w who belong to the set

Wα(e, β) = {w ∈ W : mY (α|w)− ϕβ(w) ≤ e} ,

for given values of e and β. This set corresponds to cases where the utility of wealth policyholders

derive from index insurance compensation exceeds that which they derive from indemnity-based

insurance compensation. To estimate the quantity ∆(w) = mY (α|w)−ϕβ(w)—and thus deter-

mine whether w belongs to the set Wα(e, β)—we use two approaches:

• regression tree models (see, for example, Breiman [2017] or Loh [2014]) for their simplicity

and interpretability;

• eXtreme Gradient Boosting (XGBoost) models for their good performances in predicting

losses on our dataset (see section 4.2).

The choice of the model to use in practice will depend on the trade-off one is willing to make

between model interpretability and model performance.

4.3.1 Discussion on e and methodology of analysis.

Recall from Proposition 3.5 that setting a value for e indirectly determines a maximum value

θmax = ηe(α, β)β
−1 for the index insurance loading factor θ. Additionally, the value of e in-

fluences the number or proportion (pe(α, β)) of compensations for which index insurance is
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preferable, as it directly affects the size of the setWα(e, β). This dual influence of e is illustrated

in Figure 5, using the same dataset described in Section 4.1.

(a) θmax vs e, β = 0.80. (b) θmax vs e, β = 0.90. (c) θmax vs e, β = 1.00.

(d) pe(α, β) vs e, β = 0.80. (e) pe(α, β) vs e, β = 0.90. (f) pe(α, β) vs e, β = 1.00.

Figure 5: Maximum loading factor of index insurance θmax = ηe(α, β)β
−1 and proportion of

compensations for which index insurance is preferable pe(α, β) as functions of the parameter e

for various values of β. The value of θY is also plotted in panels (a), (b), and (c) for comparison.

Figure 5 shows that increasing the value of e reduces the maximum loading factor θmax of

index insurance and thus lowers the price at which the index insurance contract can be sold to

policyholders. Conversely, increasing e raises the proportion of compensations for which index

insurance is more suitable. A direct explanation for this is that a higher value of e makes the

condition mY (α|w)−ϕβ(w) ≤ e easier to satisfy, thereby increasing the size of the setWα(e, β).

In practice, this means that when choosing e, an insurer may need to balance between the

proportion of index insurance compensations in their portfolio and the maximum loading that

can be applied to the index insurance product. Indeed, Figure 5 empirically demonstrates that

increasing the share of index insurance compensation in a portfolio implies the necessity of

offering the index insurance component of the hybrid contract at a lower price.

The final choice of e will be made following a solvency and ruin analysis, similar to that

conducted in Section 4.2. This analysis will help the insurer select the value of e that maximizes

revenue while minimizing the probability of ruin. The existence of such an optimal value is

expected due to the dual and opposing effects of e on both the maximum loading of index

insurance and the proportion of compensations for which index insurance is preferable. Other

advantages of index insurance, such as faster compensation (which can foster client loyalty),

reduced volatility, and simplified claims management, could also be factored into the insurer’s

decision regarding the final proportion of index insurance compensations in their portfolio.
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With this in mind, we propose Algorithm 1 to identify the cases where compensation via

index insurance is the best option.

Algorithm 1 Identification of compensation preferences

1: α← estimate of a target risk aversion1

2: β ← a suitable value to control overcompensation

3: Set an optimal e∗ based on θmax(α, β, e) and pe(α, β)
2

4: Compute θmax(α, β, e∗) and pe∗(α, β)

5: Train a model (regression trees and XGBoost in our case) to predict:

∆(w) = mY (α|w)− ϕβ(w)

6: Flag all cases (leaves for regression trees and individuals for XGBoost) where sup
w∈W

∆(w) ≤ e∗

as suitable for index insurance and the rest as suitable for indemnity-based insurance

Applying this algorithm gives the insurer a tool to identify the cases where compensation

via index insurance is more suitable. These cases constitute a proportion pe∗(α, β) of all com-

pensations in the portfolio. Furthermore, the insurer has an indication on the maximum loading

factor that can be applied to the index insurance component of the proposed hybrid product,

given by θmax(α, β, e∗).

Regarding the choice of β, Figure 5 shows that low values of β, although advantageous in

considerably reducing the risk of overcompensation, also decrease the attractiveness of index

insurance compensation. Indeed, panels (a) and (d) of Figure 5 show that for β = 0.8, if the

insurer applies the maximum possible loading to index insurance, only 20% of the portfolio will

prefer index insurance in the presence of a backup plan. This proportion rises to 70% when

β = 1 (see panels (c) and (f) of Figure 5). This can be explained by the fact that for very low

values of β, the reduction in the price of the index insurance product fails to offset the decrease

in utility or satisfaction experienced by policyholders due to the corresponding reduction in

index insurance compensation. As a result, indemnity-based insurance compensation appears

to be a more attractive option. In the rest of this section, we set β = 0.9. Since the efficiency of

the backup plan plays a particular role in the severity of losses, we distinguish between claims

associated with no backup plan (or a backup plan that was not triggered quickly enough, δ = 0)

and those where the backup program successfully reduced the impact of the incident (δ = 1).

1According to proposition 3.5, if θ ≤ θmax, then all policyholders with risk aversion less than α will prefer the

proposed hybrid contract compared to a full indemnity-based contract.
2The optimal value of e could be set by considering solvency requirements (see sections 2.2 and 2.3), profitability

targets, and expert recommendations on the desired structure of the insurance portfolio (see figure 5).
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4.3.2 Applications with regression trees and XGBoost models.

In these applications, the values of e∗ are chosen arbitrarily to illustrate our methodology and

the proposed hybrid product. Figure 6 and figure 7 display the two regression trees and the two

scatter plots obtained in our setting for the regression trees and the XGBoost models respectively.

Applying algorithm 1 with regression trees yields a maximum loading of the index insurance

part of the contract (θmax) equal to 0.32 in cases where the backup plan is triggered on time,

and 0.26 in cases where the backup plan fails or is absent. These values are respectively 0.27 and

0.22 when algorithm 1 is used with an XGBoost model. Recall that the loading factor for the

indemnity-based part of the contract is 0.40. When regression trees are used, our methodology

reveals that compensation with index insurance is preferable in 83.79% of cases, when the backup

plan is triggered fast enough. This proportion is 67.87% in situations where the backup plan

fails or is absent. When an XGBoost model is used, the previous proportions are respectively

89.43% and 49.60%. These percentages correspond to the shares of policyholders who suffered

a loss in the portfolio who are likely to prefer compensation via index insurance.

Note that the XGBoost model allows for individual identification of the preferred or ideal

compensation types, unlike the regression tree models, which perform a clustering of compen-

sations and determine the ideal compensation type per cluster. This difference in approach,

along with the difference in predictive performance between the two models, are among the

reasons that could justify the differences in the values of θmax and pe∗(α, β) obtained from the

two models.

The results presented in figure 6 and in figure 7 support the use of index insurance compen-

sation for short durations of business interruption and, consequently, for small losses (as clearly

shown in panel (a) of figure 7). This is a favorable outcome, as index insurance tends to exhibit

lower basis risk for small losses. Indeed, Lopez and Thomas [2023] show that basis risk generally

increases with the size of the loss. In other words, our methodology recommends applying index

insurance in contexts where it performs best. Combined with the other advantages of index

insurance, this may explain why policyholders in such situations show a preference for it.

Alternative segmentation techniques could also be used for this identification task. Artificial

Intelligence could be incorporated to either improve the efficiency of the choice of e∗ or enhance

the quality of the segmentation of compensations. Once the cases in which a preference for

compensation with index insurance are identified, a more detailed analysis of the claims and

policyholders’ profiles within each preference group could be conducted to build an index insur-

ance payout model tailored to each group where it is preferred. This approach could help reduce

overall basis risk and improve the quality of the proposed hybrid insurance contract. Authors

such as Hernández-Rojas et al. [2023], Lin et al. [2023], and Cesarini et al. [2021a] also highlight

the significant contributions that Artificial Intelligence and Machine Learning could bring to the
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(a) Backup plan was successful (δ = 1).

(b) Backup plan failed (δ = 0).

Figure 6: Regression trees used to cluster compensations according to preferences in compen-

sation type (index or indemnity). For each leaf, information is provided on the proportion of

compensations in that leaf (size), the value of ∆(w) for that leaf, and the decision (for the value

of e∗ chosen).

development of index insurance payout models.
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(a) Backup plan was successful (δ = 1). (b) Backup plan failed (δ = 0).

Figure 7: Ideal compensation type obtained by applying algorithm 1 with XGBoost models.

In this case, ∆(w) is calculated at an individual level and not in clusters as is the case with

regression trees models.

5 Conclusion

In this paper, we proposed a framework to analyze the introduction of an index insurance product

in competition with a traditional indemnity insurance product. The index insurance product

should be attractive enough to convince a sufficient number of policyholders in order to ensure

the solvency of the portfolio. Our analysis suggests that the number of policyholders willing to

accept index insurance can be influenced by factors such as the risk aversion of policyholders,

the delay in compensation of the competing indemnity-based insurance product, and the price

of the index insurance product.

We also propose the use of a hybrid product, where index insurance is used as compensation

only in situations where it is most suitable for policyholders, with indemnity-based insurance

used otherwise. This combination has several advantages, including accelerating compensation

and reducing the premiums paid by policyholders.

Additionally, we developed an algorithm to help insurers identify the specific losses for which

a compensations using index insurance are more likely to be preferred and accepted by policy-

holders and those for which compensations using indemnity-based insurance are more suitable.

Beyond the concept of index-based insurance, the results from the hybrid insurance section can

also be applied for claim management in traditional indemnity-based insurance contracts. This

could be relevant in situations where the insurer aims to reduce expert costs when handling cer-

tain claims or when an insurer wishes to apply different claims management policies to various

segments of their portfolio based on specific criteria.

It is important to note that we do not cover one of the most appealing aspects of index

insurance in this paper, which is offering coverage for claims not covered by traditional indemnity

contracts. The present paper focuses solely on the introduction of index insurance in a context
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where traditional indemnity-based insurance is already in place. The question of modeling the

demand for index insurance in situations where indemnity-based insurance is unavailable will

be addressed in future work and will require a more nuanced approach to calibrate the utility

function.

Acknowledgment: Olivier Lopez acknowledges funding from the Excellence Chair CARE

(Allianz, Ensae, Risk Fundation).

6 Appendix

6.1 Additional information

Coefficients Estimate Standard error t value p-value

(Intercept) 4.30287 0.25261 17.033 < 2× 10−16***

T 3.10957 0.02757 112.778 < 2× 10−16***

δ -2.16544 0.11037 -19.620 < 2× 10−16***

Λ -2.17856 0.03986 -54.654 < 2× 10−16***

B -3.53310 0.32735 -10.793 < 2× 10−16***

Significance codes: 0 ‘***’, 0.001 ‘**’, 0.01 ‘*’, 0.05 ‘.’, 0.1 ‘ ’

Multiple R-squared: 0.5990 Adjusted R-squared: 0.5987

Table 3: Results of the linear regression of Y on W

Figure 8: Densities of losses due to cloud service interruptions and densities of durations of

interruption. The densities are plotted for all policyholders and separately for policyholders

with backup plans and those without backup plans.

6.2 Proof of Proposition 3.1

Showing the result for τ = 0 is sufficient, since a higher value of τ reduces the expected utility

of the traditional insurance contract.
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If τ = 0, condition (2.1) is

E [exp(α[mY (α|W)− ϕβ(W)])] ≤ exp (α[1 + θY − β − βθ]E[Y ]) .

So taking the logarithm, we get

logE [exp(α[mY (α|W)− ϕβ(W)])] ≤ α[1 + θY − β − βθ]E[Y ].

Finally,

θβ ≤ 1− β + θY −
logE [exp(α[mY (α|W)− ϕβ(W)])]

αE[Y ]
. (6.1)

Since θβ needs to be strictly positive, this requires

logE [exp(α[mY (α|W)− ϕβ(W)])]

αE[Y ]
< 1− β + θY .

Since

logE [exp(α[mY (α|W)− ϕβ(W)])] < sup
w∈W

mY (α|w)− ϕβ(w)

E[Y ]
,

it follows from (3.3) that this condition holds. Then, taking θ ≤ η(α, β)β−1 ensures that (6.1),

hence (2.1), holds.

6.3 Proof of Proposition 3.3 and 3.4

Proof of Proposition 3.3.

We have π∗ϕβ
= βE[Y ], and

σ2ϕβ
= β2V ar (E[Y |W]) = β2σ2.

From Corollary 3.2, which requires that θ ≤ ηβ−1,

n ≥ n0 = Nµ ((0, α0 + hβ(τ)]) .

Condition (2.3) holds if

n
1/2
0 θπ∗ϕβ

σϕβ

≥ S−1(ε).

This rewrites

θ ≥ σS−1(ε)

N1/2E[Y ]µ ((0, α0 + hβ(τ)])
1/2

.

To be compatible with the upper bound on θ, we need condition (3.6).

Proof of Proposition 3.4.

The proof is similar to the proof of Proposition 3.3, but with (2.4) replaced by (2.5). If

θ ≥ aσ(1− ε′γ)
γε′γ

,
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we have

S−1

ε− 1(
1 + γθ

aσ

)1/γ
 ≤ S−1(ε− ε′).

Again, we need the upper and lower bounds on θ to be compatible, which leads to the result of

the Proposition.

6.4 Risk aversion heredity property

Lemma 6.1 Assume that condition (2.1) holds for ϕ, α0 > 0 and with τ = 0. Let F (α) =

Ψ′(α) = E [Y exp(αY )] . Then, (2.1) holds for all τ and α ∈ (0, α0 + h(τ)] with

h(τ) = F−1 (F (α0) exp(−τ) exp(−α[πY − πϕ]))− α0.

Proof. Since Ψ(α′) ≥ 1 = Ψ(0), if (2.1) holds for τ = 0, it also holds for all τ > 0. Hence we

show the result in two steps. First, we show that condition (2.1) holds for τ = 0 and all α ≤ α0.

Then we study the case α0 < α ≤ α0 + h(τ).

First case: α ≤ α0.

Let Z = Y − ϕ(W)− πY + πϕ. Condition (3.1) rewrites

E [exp(αZ)] ≤ Ψ(α′).

We have, as a consequence of Jensen’s inequality,

logE [exp(αZ)]

α
≤ logE [exp(α0Z)]

α0
.

Hence

E [exp(αZ)] ≤ 1.

Second case: α0 < α ≤ α0 + h(τ).

Let α = α0 + x for 0 < x ≤ h, and α′ = α(1− exp(−τ)). From a Taylor expansion,

Ψ(α′) ≥ Ψ(α′
0) + x(1− exp(−τ))E

[
Y exp

(
α′
0Y
)]
.

On the other hand,

E [exp(αZ)] ≤ E [exp(α0Z)] + x exp(−α{πY − πϕ})E [Y exp(αY )] .

Since E[exp(α0Z)] ≤ 1 ≤ Ψ(α′
0),, condition (2.1) holds if

F (α)

F (α0)
≤ exp(−τ) exp(−α[πY − πϕ]).

By definition, this condition holds for h ≤ h(τ).
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methodologies in weather index insurance. Applied Sciences, 13(8):4785, 2023.

L. Johnson. Paying ex gratia: Parametric insurance after calculative devices fail. Geoforum,

125:120–131, 2021.

X. Liang, W. Jiang, and Y. Zhang. Optimal insurance design under mean-variance preference

with narrow framing. Insurance: Mathematics and Economics, 112:59–79, 2023.

Y.-H. Lin, L.-J. Wang, X.-Y. Shi, and M.-P. Chen. Evolution of research on climate risk insur-

ance: A bibliometric analysis from 1975 to 2022. Advances in climate change research, 14(4):

592–604, 2023.

W.-Y. Loh. Fifty years of classification and regression trees. International Statistical Review,

82(3):329–348, 2014.

O. Lopez and M. Thomas. Parametric insurance for extreme risks: the challenge of properly

covering severe claims. arXiv preprint arXiv:2301.07776, 2023.

V. R. Marone and A. Sabety. When should there be vertical choice in health insurance markets?

American Economic Review, 112(1):304–342, 2022.

T. Mikosch and A. V. Nagaev. Large deviations of heavy-tailed sums with applications in

insurance. Extremes, 1(1):81–110, 1998.

O. Prokopchuk, I. Prokopchuk, and G. Mentel. Index insurance as an innovative tool for man-

aging weather risks in the agrarian sector of economics. Journal of Competitiveness, 10(3):

119, 2018.

M. Scherer and G. Stahl. The standard formula of solvency ii: a critical discussion. European

Actuarial Journal, 11:3–20, 2021.

K. Tam, B. Chang, R. Hopcraft, K. Moara-Nkwe, and K. Jones. Quantifying the econometric

loss of a cyber-physical attack on a seaport. Frontiers in Computer Science, 4:1057507, 2023.

32



J. D. Woodard. Crop insurance demand more elastic than previously thought. Choices, 31(3),

2016.

J. Zhang. Blended insurance scheme: A synergistic conventional-index insurance mixture. In-

surance: Mathematics and Economics, 119:93–105, 2024.

J. Zhang, K. S. Tan, and C. Weng. Index insurance design. ASTIN Bulletin: The Journal of

the IAA, 49(2):491–523, 2019.

33


	Introduction
	Notation and settings
	Index insurance demand and statement of the problem
	Effect on mutualization
	A simplified way to include accumulation phenomena

	Sufficient conditions for the viability of an index insurance product under exponential utility
	Exponential utility
	Consequences on the solvency of the portfolio
	The hybrid product

	Practical illustration
	Description of the context and the database
	Empirical analysis of the solvency requirements of index insurance
	Empirical analysis of a hybrid approach
	Discussion on e and methodology of analysis.
	Applications with regression trees and XGBoost models.


	Conclusion
	Appendix
	Additional information
	Proof of Proposition 3.1
	Proof of Proposition 3.3 and 3.4
	Risk aversion heredity property


