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Abstract
Peer-to-peer (P2P) insurance is an innovative model that leverages digital technol-
ogy to connect individuals with similar insurance needs, forming a pool to share risks.
This paper introduces a P2P insurance framework in which participants pay an ex-ante
contribution determined by the Shapley value, where Value-at-Risk of the difference
between the expected and realized total loss of the network (i.e., the Profit and Loss)
is used as the risk measure. Under standard assumptions commonly used in non-life
insurance for the aggregate claim amount, we derive closed-form expressions for the
Shapley value. The model includes a cashback mechanism to ensure that all partic-
ipants contribute equally to covering realized losses. We demonstrate the practical
implementation of the model by applying it to a portfolio of motor other damage
insurance policies.

Keywords Peer-to-peer insurance · Shapley value · Risk measure · Non-life
insurance

1 Introduction

The rapid advancement of digital technologies, ranging from big data, the Internet
of Things, and digital platforms to blockchain and cloud computing, has profoundly
reshaped the insurance sector, catalyzing process automation and the emergence of
new business models (EIOPA 2020, 2023). Within this context, peer-to-peer (P2P)
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insurance has gained increasing scholarly, regulatory, and industrial attention as one
of the most promising applications of InsurTech.

From a regulatory standpoint, the European Insurance and Occupational Pensions
Authority (EIOPA) has played a pivotal role. In its 2019 report, the authority exam-
ined whether P2P risk-sharing qualifies as an insurance activity and should therefore
comply with sector-specific regulation, recommending the application of the principle
of proportionality. This principle recognizes P2P risk-sharing as an insurance activ-
ity depending on the scope of implementation and the role of intermediaries (EIOPA
2019). EIOPA has since broadened the discussion in its digitalization strategy and sub-
sequent reports (EIOPA 2020, 2023), situating P2P initiatives within the wider digital
transformation of European insurance markets. In the United States, where insurance
regulation is primarily state-based, the National Association of Insurance Commis-
sioners (NAIC) has significantly shaped the debate on P2P insurance. Through its
Innovation,Cybersecurity, andTechnologyCommittee, theNAIChas highlighted both
opportunities (such as enhanced transparency and reduced costs) and risks (including
solvency, governance, and compliance with state law). Publications from the NAIC,
including issue briefs and the Center for Insurance Policy and Research topic on P2P
insurance, provide regulatory guidance on how to balance innovation with consumer
safeguards in a fragmented environment (NAIC 2021). A recurrent issue in the liter-
ature on P2P insurance concerns the degree of uncertainty faced by participants and
the limited scope of regulatory protection compared to traditional insurance products.
Many P2P schemes operate outside the perimeter of standard insurance regulation or
fall into regulatory grey areas, with important implications for solvency protection,
governance, and consumer rights (EIOPA (2019); Ostrowska and Ziemiak (2020);
NAIC (2021)). In particular, participants are often not covered by guarantee funds or
policyholder protection schemes, and capital requirements may be absent or signif-
icantly lower than those imposed on licensed insurers. While digital platforms and
smart contracts can enhance transparency and reduce transaction costs, they do not
fully compensate for the lack of prudential oversight and may increase exposure to
systemic and tail risks under adverse scenarios (Sun et al. (2020); Denuit and Robert
(2021a)). Recent regulatory reports emphasize the need for proportionate regulation
that balances innovation with consumer protection, especially as P2P models scale up
and increasingly resemble traditional insurance arrangements ((EIOPA 2020, 2023);
Global InsurTechReport (2023)). The regulatory debate has followed the development
of industry practice and different kinds of P2P insurance across many jurisdictions
have been proposed. In Europe, Friendsurance in Germany pioneered the broker-
model structure in the early 2010s, enabling small groups of policyholders to share
a portion of their premiums to cover minor claims, with unused funds redistributed
as cashback. Another example is InsurePal, a Swiss decentralized platform founded
in 2015, which leveraged blockchain technology and reputation mechanisms to foster
trust and risk-sharing (Sun et al. 2020). Although innovative, these initiatives faced
issues of scalability and regulatory scrutiny. In Asia, the Chinese platform Xiang Hu
Bao attracted over 100 million participants within two years by pooling small contri-
butions to cover critical illness costs. Structured as a mutual-aid health platform rather
than a licensed insurance product, it exemplified the potential of digital ecosystems
in scaling P2P schemes but also highlighted the blurred boundaries between mutual
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aid and insurance, eventually prompting stricter oversight by regulators. In the United
States, P2P initiatives have been more limited due to the state-based regulatory frame-
work. Lemonade, founded in 2015, initially presented itself as a P2P insurer but later
transitioned into a fully licensed carrier while retaining some P2P-inspired features,
such as the redistribution of unclaimed premiums to charities. This evolution illustrates
the difficulty of sustaining a pure P2P model in the U.S. context.

Against these experiences, the classification of P2P arrangements remains a key
point of debate. Three main models are commonly distinguished: the self-governing
model, where a community of peers autonomously manages all insurance functions
(Denuit and Robert 2021b); the broker model, the most widespread structure, in which
a broker manages the group via a digital platform, participants pay an entry fee split
between a common fund and an insurer, losses up to a threshold are covered by the
group while larger ones are reinsured, and surpluses are refunded as cashback while
deficits are borne by the insurer (Rego and Carvalho 2019); and the carrier model, an
extension of the broker model that effectively operates as a fully licensed insurance
company entirely managed on digital platforms.

The academic literature on thesemodels has expanded considerably in recent years.
In the case of self-governing arrangements, Denuit and Dhaene (2012) introduced the
Conditional Mean Risk (CMR) allocation rule, later refined by Denuit (2019) and
Denuit and Robert (2020), who emphasized its Pareto-optimality under co-monotonic
losses. Further contributions include extensions with ex-ante contributions and safety
loading (Levantesi and Piscopo 2022), multivariate adaptations (Abdikerimova and
Feng 2022), and systematic comparisons of allocation rules (Denuit et al. 2022).
Building on this tradition, Feng et al. (2023) proposed anoptimal allocationmechanism
consistent with Pareto efficiency and actuarial fairness. In the case of broker-based
models, where premiums are collected upfront, Denuit and Robert (2021a) analyzed
entry fees analogous to classical premium principles, while Charpentier et al. (2021)
studied collaborative systems structured around social networks. Cooperative game
theory has also been applied: Clemente et al. (2023) developed a Shapley Value-based
cashback distribution rule, and Galeotti and Rabitti (2024) employed the Shapley
Value to price reinsurance contracts within P2P frameworks. Our work is related to
Galeotti and Rabitti (2024), who study Shapley value allocations of tail risk measures
from a theoretical perspective based on majorization arguments. While we also rely
on the Shapley value, our contribution differs in several important aspects. We embed
the allocation mechanism within a broker-based P2P insurance framework, provide
an institutional interpretation of the allocated tail risk as a safety loading added to
expected losses, and derive explicit contribution rules under standard actuarial loss
models. The two approaches are therefore complementary. While Galeotti and Rabitti
(2024) offer a general theoretical foundation for Shapley allocations of tail risk, the
present paper emphasizes economic interpretation, institutional design, and applied
actuarial relevance.

Despite the diversity of approaches, a recurring theme emerges: P2P insurance
revives the principle of mutuality in a digital environment. Yet, as noted by Ostrowska
and Ziemiak (2020), its regulatory status remains uncertain in many jurisdictions,
and the absence of a universal definition raises concerns about governance and con-
sumer protection. Emerging technologies facilitate transparency and efficiency but
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simultaneously complicate oversight, thereby underscoring the need for proportionate
regulation.

This paper contributes to the ongoing debate by extending the cooperative game
framework to broker-based P2P insurance. Specifically, we introduce a safety loading
into the entry premium calculation and propose a Shapley value-based rule for cash-
back distribution, thereby linking actuarial valuations to practical market mechanisms.
We develop a risk-sharing mechanism where the total expected loss is equally shared,
while deviations from expectations (uncertainty) are allocated using Shapley values
on a Value-at-Risk basis.

While several alternative risk measures widely used in actuarial science, such as
distortion risk measures (Wang 2000), spectral risk measures (Acerbi 2002), and more
general convex and utility-based riskmeasures (Bellini et al. 2014; Föllmer and Schied
2016), offer appealing theoretical properties, their integration into a Shapley-value
allocation framework rarely leads to closed-form expressions for marginal contribu-
tions, except under restrictive distributional assumptions. Because these measures are
typically defined as weighted integrals of quantiles or other non-linear functionals of
loss distributions, the resulting marginal contributions generally require numerical or
simulation-based methods. By contrast, under standard non-life insurance assump-
tions, Value-at-Risk retains analytical tractability and admits explicit expressions for
both aggregate risk and marginal contributions, which motivates its adoption in the
present paper.

Grounded in cooperative game theory and probabilisticmodeling, our approach bal-
ances simplicity (equal sharing) and risk-based allocation, thus advancing the literature
on risk-sharing and capital contribution mechanisms in P2P insurance. By leveraging
the Shapley value, our framework captures each participant’s marginal contribution to
risk, ensures fairness by satisfying the axioms of efficiency, symmetry, dummy, and
additivity, and provides a transparent and justifiable allocation of risk-derived capital
requirements or contributions.

The remainder of the paper is organized as follows. Section 2 is devoted to the
description of the application of the Shapley value in P2P insurance context. In Sec-
tion 3 the theoretical framework is outlined, while in Section 4 numerical results are
presented and discussed. Final remarks are offered in Section 5.

2 On the Shapley value in P2P insurance

The Shapley value (Shapley 1953) is a concept from cooperative game theory used
to fairly allocate the total output of a game among its participants. Let N denote the
set of n players in a cooperative game, and let S with S ⊆ N represent a coalition
of players, where |S| = s, with s ≤ n, is the number of players in the coalition. The
set N \ {i} refers to all possible coalitions excluding player i. Given the characteristic
function of the game μ(S), the Shapley value for player i quantifies their contribution
to the total outcome of the game, taking into account the risk they confer to the entire

123



Shapley risk sharing in peer-to-peer insurance

set of players N :

ϕi (μ) =
∑

S⊆N\{i}

s!(n − s − 1)!
n! [μ(S ∪ {i}) − μ(S)] . (1)

where [μ(S∪{i})−μ(S)] represents the marginal contribution of player i to coalition
S. This marginal contribution is averaged over all possible permutations of the players,
ensuring that each coalition is weighted equally according to the number of players
involved. The game-theoretic approach adopted in this paper belongs to the class
of cooperative games with transferable utility. The P2P insurance pool is modeled
as a cooperative game in which the set of players corresponds to the participants
in the scheme, and the characteristic function assigns to each coalition a measure
of aggregate risk or cost associated with the losses of its members. Game theory is
therefore not used to model strategic interaction or equilibrium behavior, but rather
as a normative tool to address a risk and cost allocation problem. In particular, we
employ the Shapley value as an allocation rule to decompose the aggregate risk of
the pool into individual contributions. The Shapley value allocates risk according to
each participant’s marginal contribution across all possible coalitions and satisfies key
axiomatic properties, efficiency, symmetry, additivity, and the dummy player property,
which are desirable in insurance and capital allocation contexts. This application of
cooperative game theory is well established in actuarial science and financial risk
management, especially in the context of capital and risk allocation. In a cooperative
game, players contribute in different ways to the achievement of a final outcome but
collaborate to achieve a payoff that is at least as large as what they could have obtained
by acting independently. The Shapley value provides a fair method for distributing the
total gain among the players (Roth 1988). Shapley (1953) demonstrated that the rule
in Eq. 1 is the unique optimal risk allocation that satisfies the axiomatic properties of
efficiency, symmetry, additivity, and the axiom of dummy players.

In the context of P2P insurance, small groups of individuals agree to share risks
among themselves, potentially bypassing traditional insurers or supplementing con-
ventional insurance coverage. Here, the Shapley value offers a rigorous and equitable
method for allocating risk or costs based on each participant’s marginal contribu-
tion to the collective risk. Unlike simple proportional allocation rules, the Shapley
value accounts not only for the expected size of a participant’s loss but also for how
their individual risk contributes to the overall risk of the pool. This ensures that each
member’s premium or contribution is aligned with their actual exposure to risk. For
example, a participant whose losses are highly correlated with the total loss (due to
factors such as geography, behavior, or other influences) will bear a larger share of the
pool’s safety loading, as determined by their marginal contribution to the total risk.
Although individual contributions in our framework ultimately depend on the aggre-
gate loss of the network, and hence on the grand coalition N , the explicit consideration
of all coalitions S ⊆ N remains essential from a methodological perspective. In line
with standard cooperative game theory, the Shapley value is defined as the average of
marginal contributions taken over all possible coalitions, which serve as hypothetical
constructs rather than economically implementable groupings. In the present con-
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text, sub-coalitions do not represent alternative risk-sharing arrangements or feasible
deviations from the pool; instead, they serve as a formal device for assessing how
each participant contributes to aggregate risk through diversification and dependence
effects. Consequently, while the grand coalition N is the only economically relevant
coalition, since both total losses and total contributions are defined at the aggregate
level, the full coalition structure is required to derive an allocation rule that satisfies
the axioms of efficiency, symmetry, additivity, and the dummy player property. The
Shapley value thus provides a principled means of decomposing the aggregate risk of
the pool into individual contributions, even when the resulting contribution rule can
be expressed solely as a function of the aggregate loss.

By linking contributions tomarginal risk, the Shapley value approach helpsmitigate
adverse selection. Members with higher risk correlations are required to pay more,
while risk-reducing behavior is incentivized. For instance, diversifying or reducing
exposure can lower one’s marginal contribution, and consequently, their premium. A
transparent, risk-based approach is particularly important in P2P insurance schemes,
where trust among participants is key. The Shapley value, rooted in well-established
cooperative game theory, provides a theoretically sound and transparent rule that can
enhance confidence in the system. Specifically, in the context of P2P insurance, it
plays a central role in risk sharing by decomposing the aggregate risk of the pool into
individual contributions based on marginal impact. Rather than allocating losses or
premiums proportionally to expected losses alone, the Shapley value accounts for how
each participant affects the total risk through volatility and dependence structures. In
this way, diversification benefits are endogenously reflected in the allocation: partic-
ipants who reduce aggregate risk bear a smaller share of the risk load, while those
who increase tail risk contribute more. The Shapley value thus provides a transparent
and economically meaningful mechanism for sharing risk among peers. The Shapley
value has been applied in P2P insurance in different ways. In Premium allocation, it
has been used to ensure a fair distribution of the collective premium needed to cover
expected losses (see (Clemente et al. 2024) and Galeotti and Rabitti (2024) for pricing
peer-to-peer reinsurance contracts). Alternatively, it has been used to assess the Resid-
ual amount distribution, equitably distributing any surplus or deficit (after claims are
paid), in proportion to each member’s marginal contribution to total risk (Clemente
et al. 2023).

3 The theoretical framework

The individual and total loss. Let n denote the number of participants in the P2P
scheme. Each participant i (for i = 1, . . . , n) faces a loss represented by a non-negative
random variable Li . The total loss of the group, denoted by X , is defined as the sum
of individual losses:

X =
n∑

i=1

Li (2)
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The Profit and Loss (P&L). We define the random variable Profit and Loss (P&L),
denoted by Y , as the difference between the expected total loss of the network E(X)

and the random total loss X :

Y = E(X) − X so that E(Y ) = 0. (3)

Using Eq. (2), we rewrite Eq. (3) as:

Y = E

(
n∑

i=1

Li

)
−

n∑

i=1

Li

which simplifies to

Y =
n∑

i=1

[E(Li ) − Li ] . (4)

We can express the total P&L as

Y =
n∑

i=1

Yi . (5)

where Yi is the r.v. P&L of the generic policyholder i .
We assume that Y follows a Gaussian distribution with mean μ = 0 and standard

deviation σ , i.e., Y ∼ N (0, σ 2). Given Eq. 3, this implies that the total loss X also
follows a Gaussian distribution with mean E[X ] and variance σ 2. This assumption
of normality for the P&L variable can be theoretically justified by the Central Limit
Theorem and is frequently employed in actuarial science. For example, Klugman et al.
(2019) discuss the practical utility of the normal approximation for aggregate loss dis-
tributions, especially for large portfolios. Hardy (2006) presents this approximation as
a classicalmethod for estimating aggregate claim distributions, while also highlighting
its limitations in cases involving heavy-tailed claim sizes or small portfolios. Beyond
this standard assumption, Section 3.1 addresses scenarios where the distribution of Y
is skewed.

3.1 The contribution rule

Participants agree on a fair and transparent rule that determines how much each par-
ticipant must contribute, denoted by a positive monetary amount hi (X) > 0 to cover
the scheme’s total loss.

In a purely self-organized P2P system, members do not pay any upfront fees;
instead, they contribute ex-post to the realized aggregate loss according to a prede-
fined cooperative risk-sharing rule. Conversely, in a broker-based model, participants’
contributions are typically paid ex-ante.
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Individual contribution rules from the literature. Several risk-sharing rules have
been proposed in the literature to define both ex-ante contributions (typical of
broker-based models) and ex-post contributions (common in self-organized schemes).
Examples include:

• Ex-post contributions. Denuit and Dhaene (2012) and Denuit (2019) introduced
the Conditional Mean Rule (CMR), under which each participant i contributes
an amount equal to the expected value of their individual loss, conditional on the
realized total loss X = x :

hCMR
i (x) = E(Li | X = x).

This rule ensures that the individual contributions exactly sum to the total realized
loss x :

∑

i

hCMR
i (x) =

∑

i

E(Li | X = x) = x,

leaving neither surplus nor deficit.
• Ex-ante contributions. Clemente et al. (2023) proposed a rule based on the uncon-
ditional expectation of individual losses:

hi (X) = E(Li ).

In this case, the total contributions satisfy
∑n

i=1 hi (X) = E(X), ensuring that total
contributions match the expected total loss.

• Ex-ante contributions with safety loading. Clemente et al. (2024) extended this
approach by incorporating a safety loading term based on the Shapley value to
reflect participants’ marginal contributions to total risk, measured by the total
variance of losses:

hi (X) = E(Li ) + α · ϕ(var(X))

where ϕ(var(X)) = cov(Li , X). Here, total contributions become
∑n

i=1 hi (X) =∑n
i=1 E(X) + α · var(X), thus incorporating a risk premium proportional to the

variability of total losses.

Theproposed individual contribution rule.Considering abroker-basedP2P scheme,
we propose an individual contribution rule that integrates both expected losses and the
deviations of realized losses from expectations within a risk-sharing framework. This
rule is sensitive not only to the expected loss but also to each participant’s risk profile,
measured via the Shapley value. The individual contribution hi (x) is defined as:

hi (X) = E(X)

n
+ ϕi

(
VaRα(Y )

)
(6)

where E(X) = ∑n
i=1 E(Li ), and ϕi (VaRα(Y )) denotes the Shapley value allocated

to participant i , based on the risk measure VaRα(Y ), which is the Value-at-Risk (VaR)

123



Shapley risk sharing in peer-to-peer insurance

of P&L at a confidence level α. This formulation combines an equal sharing of the
expected total loss, E(X)

n , ensuring that all participants bear the baseline cost, with
a fair allocation of the risk arising from deviations. The latter distributes VaRα(Y )

amongparticipants according to cooperative game theoryprinciples, providing agame-
theoretically justified risk-sharing scheme. Under the Gaussian assumption, VaRα(Y )

is linear in the standard deviation and can be expressed as:

VaRα(Y ) = −�−1(α) · σ(Y )

where �(·) denotes the cumulative distribution function of the standard normal dis-
tribution. Therefore, we obtain:

ϕi (VaRα(Y )) = −�−1(α) · ϕi (σ (Y ))

By exploiting the linearity and additivity properties of the Shapley value, and using
the approximation proposed by Hagan et al. (2023):

ϕi (σ (Y )) ≈ ρ(Yi ,Y )σ (Yi ),

we obtain the following approximation for the individual Shapley-based contribu-
tion to the VaR:

ϕi (VaRα(Y )) ≈ −�−1(α)ρ(Yi ,Y )σ (Yi ), (7)

where ρ(Yi ,Y ) = cov(Yi ,Y )
σ (Yi )σ (Y )

is the Pearson correlation coefficient between participant
i’s deviation Yi and the total P&L Y . Equation (7) attributes to each participant a
share of the total risk based on both their expected deviation and their correlation with
the overall risk of the network. Substituting this back into Eq. (6) yields a simplified
individual contribution rule:

hi (X) = E(X)

n
− �−1(α) ρ(Yi ,Y ) σ (Yi ). (8)

Equation (8) defines the individual contribution hi (X) of participant i to the total
loss-sharing scheme. This expression consists of two components:

• Baseline contribution: the term E(X)
n represents an equal division of the expected

total loss among all n participants, serving as a fairness benchmark under sym-
metric expectations.

• Risk adjustment term: the second term adjusts each participant’s share according
to their individual risk profile:

– �−1(α) is the quantile of the standard normal distribution at confidence level
α, representing the VaR threshold.

– ρ(Yi ,Y ) is the Pearson correlation coefficient between the individual deviation
Yi and the total deviation Y .

– σ(Yi ) denotes the standard deviation of Yi , reflecting the variability in partic-
ipant i’s deviation from their expected loss.
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This allocation balances fairness and risk sensitivity. Participants whose losses are
more positively correlated with the total loss (i.e., higher ρ(Yi ,Y )) are assigned higher
contributions, while those with lower or negative correlation benefit from diversifi-
cation and pay less. The rule thus rewards participants who reduce overall risk and
penalizes those who increase it.

Noting that σ(Yi ) = σ(Li ), and expressing the correlation coefficient ρ(Yi ,Y ) as:

ρ(Yi ,Y ) =
∑n

j=1 cov(Li , L j )

σ (Li )σ (X)

we rewrite Eq. (8) as:

hi (X) = E(X)

n
− �−1(α)

∑n
j=1 cov(Li , L j )

σ (X)
. (9)

In the special case where all individual losses are uncorrelated, the correlation reduces
to ρ(Yi ,Y ) = σ(Li )

σ (X)
, and Eq. (8) simplifies to: hi (X) = E(X)

n − �−1(α)
var(Li )
σ (X)

.

When participants’ loss Li are not identical distributed, the term
E(X)
n in formulas

(6)–(9) should not be interpreted as an actuarially fair premium in the classical stand-
alone sense, that is, as a contribution proportional to E[Li ]. Rather, it represents the
mutualistic component of the contribution rule, reflecting the cooperative nature of
P2P insurance schemes. Indeed, in P2P arrangements, participants typically agree
ex-ante to pool expected costs at the group level, independently of individual risk
characteristics. This interpretation is consistentwith themutual insurance principle and
with a broad strand of the P2P literature, where baseline contributions are decoupled
from individual heterogeneity and fairness is instead enforced through the allocation
of deviations from expectations or residual risk (Denuit and Dhaene 2012; Denuit
2019; Denuit et al. 2022). Similar mutualistic baselines are also adopted in broker-
based P2P models, where a certain degree of redistribution is accepted in exchange
for transparency and collective risk sharing ( Clemente et al. (2023)).

Actuarial fairness is ensured by the second term in formula (9), which allocates a
prudential loading reflecting the uncertainty surrounding the aggregate loss. This term
depends explicitly on individual risk profiles through volatility and dependence with
the aggregate loss, as captured by the Shapley value. Participants with higher expected
losses, greater variability, or stronger correlation with the total loss are allocated a
larger share of this loading, while participants who contribute more to diversification
benefit from a lower adjustment. This notion of fairness, based on marginal contribu-
tions to aggregate risk rather than on stand-alone expected losses, is well established in
the literature on capital and risk allocation (Hagan et al. 2023; Mango 1998; Shapley
1953) and has recently been applied to P2P insurance (Clemente et al. 2024; Galeotti
and Rabitti 2024).

From this perspective, the proposed contribution rule naturally decomposes into two
conceptually distinct components: a homogeneous component that sustains mutuality
and solidarity within the pool, and a heterogeneous component that ensures actuarial
fairness in the allocation of risk. This decomposition is particularly well suited to
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broker-based P2P schemes, where mutuality and redistribution coexist with the need
for risk-sensitive pricing to ensure incentives, sustainability, and solvency (Denuit and
Robert 2021a; Feng et al. 2023).

Cornish-Fisher approximation to the VaR. When the distribution of Y is skewed,
the Cornish–Fisher expansion (Cornish and Fisher 1938) provides a useful method
to approximate the quantiles of a non-normal distribution, expressing the VaR as
a correction to the VaR under the normality assumption. This expansion accounts
for deviations from normality by incorporating higher-order moments—specifically,
skewness and kurtosis—into the quantile estimation. These moments can be estimated
using the sample skewness S and sample kurtosis K , which can then be substituted to
approximate the quantiles of the true distribution.

The Cornish-Fisher approximation to the VaR at confidence level α is given by:

VaRα,CF (Y ) = −zα,CF · σ(Y ) (10)

where zα,CF is the adjusted quantile defined as:

zα,CF = zα + 1

6
(z2α − 1)S + 1

24
(z3α − 3zα)K − 1

36
(2z3α − 5zα)S2

with the components:

• zα = �−1(α), the α-quantile of the standard normal distribution,
• S, is the skewness of the distribution of Y ,
• K is the excess kurtosis of of the distribution of Y .

This approximation reduces to the Gaussian case when S = 0 and K = 0, thus
recovering the classical normal VaR formula. The Cornish-Fisher expansion provides
a systematic correction that improves VaR estimates for distributions exhibiting asym-
metry or heavy tails.

Consequently, when Y is not normally distributed, the Shapley value–based indi-
vidual contribution adjustment (originally given in Eq. 7) can be modified to:

ϕi (VaRα(Y )) ≈ −zα,CF · ρ(Yi ,Y )σ (Yi ). (11)

where zα,CF replaces the normal quantile −�−1(α), thus incorporating skewness and
kurtosis corrections into the risk allocation.

3.2 Further theoretical considerations on the ex-ante contribution

Let consider a participant with a Constant Absolute Risk Aversion (CARA) utility
function (see, e.g., Dhaene et al. (2012) and Landsberger and Meilijson (1999) for the
use of CARA in insurance):

u(w) = − exp(−γw), γ > 0,

where w is wealth (or negative loss) and γ is the coefficient of absolute risk aversion.
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The certainty equivalent CEi of a random loss Li is defined as the deterministic
amount satisfying:

u(−CEi ) = E[u(−Li )].
In case Li is normally distributed, using the moment-generating function (mgf) we
have:

E[u(−Li )] = −E[exp(γ Li )] = − exp
(
γE[Li ] + 1

2γ
2σ 2[Li ]

)
.

Equating the two expressions:

− exp(γ CEi ) = − exp
(
γE[Li ] + 1

2γ
2σ 2[Li ]

)
,

which implies:

CEi = E[Li ] + γ

2
σ 2[Li ],

that is, risk-averse participants require a higher premium to accept the same risk. It
is also noteworthy that we simplified assuming that Li is gaussian but for positively
skewed losses, the certainty equivalent increases relative to the Gaussian case. Indeed,
using Taylor expansion of the mgf, additional positive terms depending on skewness
or higher cumulants can be inserted.

Paying the contribution is preferable to bearing own losses if the certainty equivalent
of the contribution is less than the certainty equivalent of self-insurance:

hi (X) ≤ CEi (Li ).

Substituting, we have:

E(X)

n
− �−1(α) ρ(Yi ,Y ) σ (Yi ) ≤ E[Li ] + γ

2
σ 2(Li ),

which can be rearranged as:

−�−1(α) ρ(Yi ,Y ) σ (Li ) ≤
(
E[Li ] − E[X ]

n

)
+ γ

2
σ 2(Li ).

This inequality ensures that the contribution under the scheme does not exceed the
certainty-equivalent loss for the participant.

We can determine the confidence level α∗ at which the participant is exactly indif-
ferent between paying the P2P contribution and bearing their own loss by setting the
inequality to equality:

−�−1(α∗) ρ(Yi ,Y ) σ (Li ) =
(
E[Li ] − E[X ]

n

)
+ γ

2
σ 2(Li )
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Solving for α∗ yields

α∗ = �

(
−

(
E[Li ] − E[X ]

n

)
+ γ

2 σ 2(Li )

ρ(Yi ,Y ) σ (Li )

)
,

which corresponds to a lower-tail quantile of Yi associated with “bad scenarios” (large
realized losses). Since the scheme uses a fixed value of α, defined by the broker, all the
values of α such that α ≥ α∗ satisfy the individual rationality condition. As the risk
aversion parameter γ increases, the threshold confidence level α∗ decreases, reflect-
ing that more risk-averse participants require the scheme to cover a larger fraction
of adverse outcomes to ensure individual rationality. Conversely, less risk-averse par-
ticipants are willing to join at higher α values, corresponding to less conservative
coverage.

Additionally, if all participants have identical expected losses and their losses are
independent, we obtain

α∗ = �
(

− γ

2

σ(Li )

ρ(Yi ,Y )

)
= �

(
− γ σ(X)

2

)

In this case, it is easy to verify that standard lower-tail quantiles can satisfy individual
rationality.

When expected losses or variances differ, the value of α∗ varies across participants.
Those with higher exposure relative to the pool or higher risk require larger contri-
butions, consistent with the risk-sharing principle. Additionally, the scheme transfers
mainly the systematic component of risk (through ρ(Yi ,Y )σ (Li )), while idiosyncratic
deviations are diversified across the pool, typically reducing the effective certainty-
equivalent loss compared to self-insurance.

3.3 The cashback distribution

In the proposed P2P insurance framework, unexpected losses - defined as deviations
of the realized aggregate loss from its expected value - are borne entirely by the par-
ticipants of the pool, with no external insurer or reinsurer assuming these risks. The
role of the Shapley value applied to a VaR measure is to allocate ex-ante the cost of
uncertainty, by determining how much each participant contributes to the risk margin
associated with aggregate tail risk. Once losses are realized, any surplus or deficit
relative to expected losses is redistributed among participants through the cashback
mechanism. This ex-post distribution ensures that the realized aggregate loss is fully
covered by the pool, while remaining consistent with the ex-ante Shapley-based allo-
cation of risk. Hence, unexpected losses are collectively borne by participants, but their
allocation is anticipated and priced ex-ante according to each participant’s marginal
contribution to aggregate risk. Therefore, the collected individual contributions are
used to cover the total loss experienced by the group. Once the loss is realized, if any
amount remains, it is distributed among the members as a cashback according to a
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specific rule. Conversely, if the initial contributions are not sufficient, the members
are required to pay an additional sum according to the same distribution mechanism.

In this setting, let K denote the residual amount after the payment for loss, which
can take both positive or negative values. If positive, it represents a cashback, while if
negative, it corresponds to an additional sum to be paid to cover losses exceeding the
initial contributions. Note that K is a random variable depending on the realizations
of total loss and is not fixed ex-ante as in the classical insurance framework dealing
with capital distribution. Denoting by x the realized total loss, we define the amount
K as:

K =
n∑

i=1

hi (X) − x (12)

Let κ = [K1, K2, ..., Kn] be a vector whose generic element Ki represents the
amount of capital distributed to the i th participant, such that

∑n
i=1 Ki = K .

Following Clemente et al. (2024), we assume that the difference between the ex-
ante contribution hi (X) of each participant i to the pool’s overall risk and the ex-post
capital allocation Ki received by the same participant remains constant across all
participants. Formally, this condition is expressed as

hi (X) − Ki = c,

where c is a constant. This approach defines an optimal allocation rule ensuring that
each participant contributes equitably to the coverage of realized losses. Specifically,
participants who contribute more to the pool’s overall risk will bear a larger share of
the realized losses or, conversely, will be entitled to a greater portion of the cashback
distribution.

Clemente et al. (2024) formalized this idea through the following optimization
problem:

{
hi (X) − Ki = c∑n

i=1 ki = 1
(13)

where the ex-post capital allocation Ki is expressed as a share of the total realized loss
K , i.e., Ki = ki · K .

This formulation reflects the principle that the net position of each participant,
measured as the difference between their initial contribution and the final capital allo-
cation, should be identical across the group. In other words, all participants experience
the same deviation, either gain or loss, from their expected contribution level, thereby
ensuring fairness and symmetry in the redistribution process. This rule prevents any
participant from being disproportionately rewarded or penalized relative to their ex-
ante contribution and provides a transparent mechanism for sharing both surpluses
and deficits arising from the pool’s collective performance.
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The solution to this problem yields the following optimal allocation:

⎧
⎨

⎩
k∗
i = hi (X) − x̄∑n

i=1 hi (X) − x
c = x̄

(14)

where x̄ = x/n represents the average realized cost per participant.
Considering Eq. (6), the optimal solution in Eq. (14) according to our contribution

rule’s framework becomes:
{
k∗
i = ϕi (VaRα(Y ))+ E(X)

n −x̄
V aRα(Y )+E(X)−x

c = x̄
(15)

Proof By substituting Eq. (12) into Eq. (13), we can rewrite it as:

{
hi (X) − ki · (∑n

i=1 hi (X) − x
) = c∑n

i=1 ki = 1
(16)

Summing the first equation in system (16) over all i = 1, . . . , n, we obtain:

n∑

i=1

⎡

⎣hi (X) − ki

⎛

⎝
n∑

j=1

h j (X) − x

⎞

⎠

⎤

⎦ =
n∑

i=1

c (17)

⇒
n∑

i=1

hi (X) −
(

n∑

i=1

ki

) ⎛

⎝
n∑

j=1

h j (X) − x

⎞

⎠ = nc (18)

Using the constraint
∑n

i=1 ki = 1, we get:

n∑

i=1

hi (X) −
⎛

⎝
n∑

j=1

h j (X) − x

⎞

⎠ = nc (19)

Hence:

c = x

n
(20)


�

3.4 Cost efficiencymechanisms in the P2P broker model

The proposed P2P insurance framework is broker-based and therefore relies on ex-ante
contributions, in a manner similar to traditional insurance contracts. Policyholders pay
a predefined premium, part of which is allocated to a mutual fund, while the remainder
is transferred to a traditional insurer.
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The potential cost efficiency of the P2P broker model does not arise mechanically
from risk mutualization alone, but rather from a set of specific economic mechanisms
embedded in its organizational structure. First, distribution and administrative costs
may be reduced through fully digital intermediation by the broker platform, which
replaces traditional agency networks and allows for lower marginal servicing costs.
Second, the P2P arrangement may mitigate moral hazard and fraudulent behavior,
as policyholders are directly exposed to the performance of the mutual fund through
ex-post surplus redistribution mechanisms such as cashback payments or premium
discounts. This shared exposure creates peer-monitoring incentives that can contribute
to reductions in both claim frequency and claim severity.

Third, additional cost efficienciesmay stem from improved risk selection. Participa-
tion in aP2Pgroup is typically voluntary andoften based onobservable or self-declared
characteristics, which can lead to the formation of relatively homogeneous pools and
a reduction in adverse selection at the group level. Finally, the broker model relies on a
predefined risk-sharing agreement with a traditional insurer, under which only losses
exceeding a contractual threshold are transferred through an excess-of-loss structure.
This allows the insurer to concentrate on tail-risk coverage, potentially improving
capital efficiency and pricing accuracy.

It should be noted, however, that these cost-reducing effects are not guaranteed and
depend critically on factors such as group size, pool homogeneity, governance rules,
and the effectiveness of the platform’s incentive mechanisms.

3.5 Frequency-Severity Model

We model individual losses using a standard frequency-severity framework, where
each policyholder’s total loss is represented as the sum of random claim amounts.
Specifically, we define:

Li =
NCi∑

h=1

Zi,h, (21)

with Li = 0 if NCi = 0. Here:

• NCi denotes the random number of claims for policyholder i ;
• Zi,h denotes the cost (or severity) of the h-th claim for policyholder i .

We make the following assumptions:

• Conditional on policyholder i , the claim count NCi is independent of the claim
severities Zi,h ;

• Conditional on policyholder i , the severities Zi,h are independent and identically
distributed (i.i.d.).

Under these assumptions, the moment generating function of Li is given by:

MLi (t) = MNCi

(
lnMZi (t)

)
, (22)

123



Shapley risk sharing in peer-to-peer insurance

where MNCi (·) and MZi (t) are the mgfs of the claim count and claim severity
distributions for policyholder i , respectively.

From Eq. (22), the main cumulants of the distribution of Li , and consequently of
the P&L Yi , can be derived analytically.

Modeling claim frequency. Following the literature (see, for example, Daykin et al.
(1994)), we assume that the number of claims per individual follows a Poisson distri-
bution:

NCi ∼ Poisson( fi · Q),

where:

• fi is the expected claim frequency for policyholder i ;
• Q is a structural (or contagion) variable capturing parameter uncertainty or com-
mon shocks affecting the claim count distribution. We assume that Q is defined
only for positive values with E[Q] = 1.

This framework introduces overdispersion through the mixing variable Q, which
accounts for heterogeneity or contagion effects across policyholders.

Variance of individual losses. Under this specification, the standard deviation σ(Li )

of the individual loss Li is given by:

σ(Li ) =
√

fi · a2,i + f 2i · a21,i · σ 2
Q, (23)

where a j,i denotes the raw moment of order j of the severity distribution Zi and
σ 2
Q is the variance of the contagion variable Q.

Covariance between policyholders. For two distinct policyholders i and j , with
i �= j , the covariance between their total losses is:

Cov(Li , L j ) = E[Cov(Li , L j | Q)] + Cov(E[Li | Q],E[L j | Q])
= Cov( fi · a1,i · Q, f j · a1, j · Q)

= E[Li ] · E[L j ] · σ 2
Q, (24)

This expression shows that the shared structural variable Q induces positive
dependence among individual losses, leading to a natural form of correlation across
policyholders within the risk pool.

From formulas (2), (23) and (24), we can express the variance of aggregate losses
as:

Var(X) =
n∑

i=1

Var(Li ) + 2
∑

1≤i< j≤n

Cov(Li , L j )

=
n∑

i=1

(
fi a2,i + f 2i a

2
1,iσ

2
Q

)
+ 2

∑

1≤i< j≤n

E[Li ]E[L j ]σ 2
Q

=
n∑

i=1

fi a2,i + σ 2
Q

(
n∑

i=1

fi a1,i

)2

.
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Thus, the coefficient of variation of X is

cv(X) =

√√√√
n∑

i=1

fi a2,i + σ 2
Q

(
n∑

i=1

fi a1,i

)2

n∑

i=1

fi a1,i

=
√√√√

∑n
i=1 fi a2,i

(∑n
i=1 fi a1,i

)2 + σ 2
Q . (25)

This formulation (see last form in Eq. (25)) highlights two important components of
risk. The first term represents the idiosyncratic risk from individual policyholders.
As the portfolio size increases, this term decreases due to diversification, which is a
standard result in risk pooling. The second term, represents non-diversifiable contagion
risk, which cannot be mitigated by increasing the number of policyholders in the
portfolio. This term remains constant regardless of the portfolio size and reflects the
systemic risk shared by all policyholders.

To further analyze the behavior of the coefficient of variation (CV), we consider the
case where the policyholders have identical severity distributions, i.e. a j,i = a j ∀i .
Under this assumption, we can rewrite the CV as follows:

cv(X) =
√

a2
a21(

∑n
i=1 fi )

+ σ 2
Q =

√
1 + cv(Z)2

(
∑n

i=1 fi )
+ σ 2

Q .

where cv(Z) is the coefficient of variation of the r.v. Z , assuming Zi are identical for
all policyholders.

It can be observed that when all policyholders share the same claim frequency,
the portfolio benefits maximally from diversification. The coefficient of variation of
aggregate claim amount decreases as the number of policyholders increases, reflect-
ing the standard risk-pooling result that larger and more evenly distributed risks lead
to lower relative volatility. When policyholders are heterogeneous in terms of claim
frequency, the diversification benefit remains present but is weakened. In this case,
the portfolio becomes more sensitive to large individual exposures, and the CV may
decline more slowly as n increases. In extreme cases, a small number of large expo-
sures may dominate the risk profile, so that the portfolio exhibits higher relative risk
even as the number of policyholders grows. This highlights the importance of under-
standing the distribution of exposures within an insurance portfolio and the role of pool
composition. Homogeneous portfolios allow for more effective risk pooling, whereas
heterogeneous portfoliosmay require additional riskmanagement strategies to address
concentration risk arising from large exposures.

4 Numerical example

We apply the proposed methodology to a portfolio of motor other damage insurance
policies. We assume the portfolio operates under a scheme that combines upfront
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contributions with a potential cashback mechanism. Individual policyholder losses
are modeled using a frequency-severity framework, as defined in Eq. (21).

Tomodel the total claim amount Li for each policyholder, we introduce a systematic
risk component represented by the common random variable Q, which affects all
policyholders simultaneously.

Model Setup

• Number of policyholders: n = 1, 000
• To generate the initial vector of individual claim frequencies, we draw one value
for each policyholder from aBeta distribution. For each policyholder i = 1, . . . , n:

fi ∼ Beta(α, β)

with an average observed frequency between policyholders equal to 0.05 and a
heterogeneity between policyholders based on a variance of 0.01.
From these two conditions,we derive theBeta distribution parameters:α = 0.1875
and β = 3.5625.

• The systematic risk component Q is modeled as:

Q ∼ Gamma(κ, θ)

where κ is the shape parameter and θ is the scale parameter. In line with actuarial
practice, we impose with E(Q) = κ · θ = 1 and Var(Q) = κ · θ2 = 0.0025. From
these two conditions, we derive the Gamma distribution parameters: κ = 400 and
θ = 0.0025.

• The r.v. representing the number of claims for each policyholder, as previously
discussed, is then obtained as:

NCi ∼ Poisson( fi · Q),

where fi denotes the expected frequency of claims for policyholder i , which is
derived from a single simulation of the Beta distribution described earlier.

• The individual claim severity is modeled via i.i.d. LogNormal random variables.
For each policyholder i = 1, . . . , n, and claim h = 1, . . . , NCi :

Zi,h ∼ LogNormal (μZ , σZ )

with parameters μZ and σZ . Parameters are calibrated via method of moments,
by assuming a mean equal to 2,000e and standard deviation equal to 4,000e. The
coefficient of variation CVZ = σZ

μZ
is therefore equal to 2, ensuring a reasonable

level of skewness consistent with empirical insurance data.

Fair and pure premiums estimation

• The fair premium at the portfolio level is:

E[X ] = E

(
n∑

i=1

Li

)
=

n∑

i=1

E(Li )
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Fig. 1 Distribution of pure premiums hi (x) across policyholders versus fair premium E(X)
n

By applying Eq. (21), we obtain:

E(X) =
n∑

i=1

E(NCi ) · E(Zi ) =
n∑

i=1

fi · E(Zi )

• Using the assumptions outlined above, the pure premium hi (X) for each pol-
icyholder can be computed through Eq. (8). The components involved in this
calculation can be analytically derived by setting the desired confidence level α,
and by applying the formulas in Eq. (23) and (24).

• To calculate K and ki , it is necessary to obtain realizations of the aggregate claim
amount x . This requires simulating the outcomes of the aggregate claims, which
can be effectively done using Monte Carlo simulations of the compound process.
These simulations are based on the framework developed earlier.

4.1 Results based on Gaussian assumption

Figure 1 displays the distribution of pure premiums hi (x), computed according to
Eq. (8), based on Gaussian assumption and assuming a confidence level α of 5%,
along with the fair premium E(X)

n . Relative to the average fair premium of e100,
the implied safety loading coefficient ranges from approximately 0.13% to 21.2%,
depending on the policyholder’s risk profile. As discussed in Section 3, this safety
loading is allocated ex ante based on each individual’s marginal contribution to the
portfolio’s overall risk, as determined using the Shapley values within aVaR allocation
framework. This results in a differentiated pricing scheme that accurately reflects each
policyholder’s exposure to tail risk.

123



Shapley risk sharing in peer-to-peer insurance

Max Median Min

−0.010 −0.005 0.000 0.005 0.010 −0.010 −0.005 0.000 0.005 0.010 −0.010 −0.005 0.000 0.005 0.010

0e+00

2e+05

4e+05

0e+00

2e+05

4e+05

6e+05

0

50000

100000

150000

200000

k

C
ou

nt
Histograms of k for Min, Median, and Max Pure Premium

Fig. 2 Simulated distributions of the cashback percentage k∗
i for three representative policyholders, based on

1,000,000 different cashback scenarios. The three cases correspond to: the policyholder with the maximum
value of hi (x) (left panel), the policyholder at the median of the hi (x) distribution (central panel), and the
policyholder with the minimum value of hi (x) (right panel)

To quantify the expected cashback, we simulate the empirical distribution of aggre-
gate payments at the portfolio level. As previously states, we assume that claim sizes
follow a Lognormal distribution and simulate one million realizations of the total
loss Li for each policyholder using the compound mixed Poisson process defined in
Eq. (21). This allows us to assess the variability of outcomes under the assumed risk
structure.

Figure 2 shows the simulated distributions of the cashback percentage k∗
i for three

representative policyholders, based on the simulated realizations of the aggregate
claims amount. Specifically, we present results for the individuals with the mini-
mum and maximum values of hi (x) - corresponding to the policyholders with the
lowest and highest marginal risk contributions - as well as the policyholder at the
median of the hi (x) distribution, representing a central case within the portfolio. The
shape and spread of the k∗

i distributions differ across the selected individuals. For the
policyholder with the highest pure premium hi (x), the distribution of k∗

i is notice-
ably wider, indicating greater variability in net contributions. This reflects their larger
exposure to portfolio risk: in adverse scenarios, they are expected to contribute more,
while in favorable scenarios they receive a higher refund. By contrast, the distribu-
tion is narrower for the low-risk policyholder. These results underscore the role of
the Shapley-based allocation mechanism in linking premium contributions not only to
expected claims but also to individual exposure to aggregate portfolio risk. In particu-
lar, the mechanism ensures that higher-risk policyholders bear a greater share of costs
in unfavorable outcomes while remaining eligible for proportionally higher refunds
when losses are lower than expected. This dynamic promotes fairness, financial sus-
tainability, and stronger alignment between pricing and risk in mutualized insurance
settings.

Figure 3 presents the distribution of cashback percentages k∗
i for all 1,000 poli-

cyholders under two distinct scenarios, based on 1,000,000 simulations. Specifically,
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Fig. 3 Distributions of k∗
i for two policyholders under scenarios of maximum positive cashback (left panel)

and minimum negative cashback (right panel)

we analyze the scenarios corresponding to the maximum and minimum values of the
aggregate cashback amount K . In the scenario with the maximum aggregate cash-
back, the average cashback per policyholder is approximately 84e. Conversely, in
the minimum cashback scenario, the average cashback is negative, around -1,588e,
indicating a substantial loss. These two cases reveal markedly different behaviors.
When the total aggregate amount x approaches zero (i.e., a very low payout), the
distribution of the individual cashback percentages k∗

i closely resembles the distribu-
tion of the ex-ante contributions hi (x) (see the similarity between Figure 1 and left
side of Figure 3). This suggests that, in favorable conditions, policyholders’ cashback
shares reflect their initial proportional contributions. On the other hand, when the total
payout is very high, resulting in a negative cash-back, the influence of the ex-ante
contributions on k∗

i diminishes significantly. In this scenario, all policyholders tend to
share the loss equally, with each k∗

i approaching the uniform value 1
n . This outcome

highlights that, under extreme losses, the initial contribution proportions become less
relevant, and the burden is distributed evenly across the portfolio.

In Figure 4, we examine the distribution of the variable hi (x) under various sensitiv-
ity scenarios involving the key model parameters. Starting from the base scenario, we
consider the impact of doubling each parameter individually while keeping the others
fixed. Specifically, we analyze the effects of doubling: (i) the average claim frequency
E( fi ), (ii) the variance of the claim frequency, Var( fi ), (iii) the variance of the random
variable Q, Var(Q), (iv) the expected average cost per claim,E(Zi ), (v) the coefficient
of variation of the average cost,CV (Zi ), and (vi) the number of policyholders, n. This
comparative analysis highlights how each component influences the dispersion and
shape of the hi (x) distribution. An increase in average parameters - such as the claim
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Fig. 4 Distributions of hi (x) under different sensitivity scenarios, illustrating the effects of doubling key
model parameters, including the average claim frequency, variance of claim frequency, standard deviation
of Q, expected average cost per claim, coefficient of variation of the average cost, and the number of
policyholders

frequency or the average cost per claim - primarily results in a proportional increase in
the average premium. Specifically, doubling these average values leads to an approx-
imate doubling of the expected premium, without substantially affecting the shape or
dispersion of the distribution of hi . In contrast, the variability andoverall shape of thehi
distribution are more sensitive to parameters that influence the heterogeneity in claim
frequency across policyholders. Notably, when the variance of the claim frequency
across policyholders is doubled, the variance of hi (x) increases by more than a factor
of three. This indicates that the system responds non-linearly to changes in frequency
heterogeneity. Moreover, when we increase the variance of the contagion parameter
- capturing the variability in the common shock or cluster-level risk - the variance
of hi (x) increases by almost four times. This significant rise is due to both greater
individual-level volatility and enhanced dependence among policyholders induced by
the contagion mechanism. Finally, increasing the number of policyholders results in
a premium distribution that maintains the same average value, as the policyholders’
characteristics are assumed to be similar across scenarios. However, the shape of the
distribution undergoes some changes. While the overall dispersion of the hi (x) dis-
tribution tends to rise with the larger portfolio, reflecting the broader spread of risks,
the relative volatility decreases due to diversification effects. The greater number of
policyholders reduces the impact of individual variability, which in turn diminishes
the skewness of the distribution. This phenomenon leads to a smoothing effect where
idiosyncratic risks are more effectively averaged out across a larger pool, but it is
partially mitigated by the presence of a systematic component Q that affects all the
policyholders.
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Fig. 5 Comparison of hi where the Shapley value has been obtained using Gaussian assumption and
Cornish-Fisher approximation

4.2 Results based on Cornish-Fisher approximation

In Figure 5, we present a comparison of pure premium distributions derived using a
Shapley-based contribution, with one set of distributions assuming a Normal distribu-
tion (as specified in Eq. (8)) and the other applying the Cornish-Fisher approximation
(outlined in Eq. (11)). The results reveal a close alignment between the two distribu-
tions, primarily due to the limited skewness of the portfolio’s underlying distribution.
This suggests that the Cornish-Fisher approximation, which is typically employed to
account for higher-order moments (such as skewness and kurtosis) in cases with more
extreme tails, has minimal impact in this instance.

The average pure premium, for example, is nearly identical across the twomethods,
with values of 101.46 and 101.60, respectively. Likewise, the maximum premium
increases only slightly, from 121.19 under the Normal assumption to 123.20 when
the Cornish-Fisher correction is applied. These similarities highlight that, while the
Cornish-Fisher approximation provides a more refined adjustment to the distribution’s
tail, its effect is marginal when the underlying portfolio distribution exhibits low
skewness. This suggests that for portfolioswith relatively symmetric or slightly skewed
distributions, the normal assumption may suffice for premium estimation without
significant loss of accuracy. Consequently similar results have been obtained also
in term of cashback, with the distribution slightly moved upwards due to the slight
increase in the maximum pure premium.

In Figure 6, we present the distribution of the ex ante premium hi (x) under the same
sensitivity scenarios previously analyzed, but with the Cornish-Fisher approximation

123



Shapley risk sharing in peer-to-peer insurance

applied to the Shapley-based contribution calculation (see Eq. (11)). Starting with the
base scenario, we assess the impact of doubling each parameter individually while
holding the others constant. As before, we analyze the effects of doubling: (i) the
average claim frequency E( fi ), (ii) the variance of the claim frequency, Var( fi ), (iii)
the variance of the random variable Q, Var(Q), (iv) the expected average cost per
claim, E(Zi ), (v) the coefficient of variation of the average cost, CV (Zi ), and (vi) the
number of policyholders, n. This comparative analysis highlights how each parameter
influences the dispersion and shape of the hi (x) distribution.

The main behaviors observed are consistent with the previous case of the Normal
distribution, but some important differences emergewhen applying the Cornish-Fisher
approximation. Again, an increase in average parameters, such as the claim frequency
or the average cost per claim, results in a proportional increase in the average premium,
without substantially affecting the shape or dispersion of the distribution of hi . This
observation reinforces the conclusion that the normal assumption can be sufficient
for premium estimation without significant loss of accuracy. Moreover, increasing
the number of policyholders reduces the impact of individual variability, smoothing
the overall distribution. Additionally, as the skewness of the distribution is reduced,
the Cornish-Fisher approximation and the Normal assumption become closer to one
another in terms of their resulting shapes.

In contrast, the variance of the random variable Q produces a more pronounced
increase in the volatility of hi (x) compared to the Gaussian case. This can be attributed
to the fact that a higher variance also leads to increased skewness in the distribution
of Q, which, in turn, introduces more negative skewness into the profit and loss distri-
bution Y . This highlights the differences between the Cornish-Fisher approximation
and the Normal assumption, especially when the variance of Q is large.

Another key difference becomes more apparent in the effect of the coefficient of
variation (CV (Zi )) of the claim size distribution. Doubling CV (Zi ) leads to a signifi-
cantly more skewed profit and loss distribution. For distributions of the claim size with
veryhighvolatility or fat tails, theGaussian assumption tends to fail byunderestimating
the Shapley-based contribution. Specifically, when the Cornish-Fisher approximation
is used, the maximum value of hi (x) increases, reaching 147, compared to 111 when
the Normal assumption is applied. This underscores the limitations of the Gaussian
approach in capturing the full impact of extreme volatility or skewness in the distri-
bution of claim sizes.

5 Concluding remarks

This paper proposes an ex-ante contribution mechanism for P2P insurance schemes,
based on the Shapley value applied to the VaR of the difference between the expected
and realized total loss of the group. By combining cooperative game theory with prob-
abilistic modeling, the mechanism ensures that contributions are allocated according
to each participant’s marginal contribution to risk. This approach maintains simplic-
ity, as the total expected loss is equally shared and deviations from expectations are
proportionally distributed.
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Fig. 6 Distributions of hi (x) under different sensitivity scenarios, but with the Cornish-Fisher approxi-
mation applied to the Shapley-based contribution calculation (see formula (11)). Figure shows the effects
of doubling key model parameters, including the average claim frequency, variance of claim frequency,
variance of Q, expected average cost per claim, coefficient of variation of the average cost, and the number
of policyholders

The proposed framework advances the literature on capital allocation and contri-
bution mechanisms in P2P insurance by linking risk-sensitive fairness with practical
applicability. It offers several advantages. It enhances transparency in contribution
rules, aligns incentives among participants, and can be integrated into existing broker-
based P2P schemes without requiring fundamental redesign.

Nevertheless, some limitations remain. First, reliance on the VaR measure entails
sensitivity to tail events andmayunderestimate systemic risks under extreme scenarios.
Second, the model does not explicitly account for behavioral aspects such as trust,
cooperation, and reputation, that play a central role in the success of P2P arrangements.

Future research could extend the proposed mechanism along several directions.
On the methodological side, replacing VaR with coherent risk measures such as Con-
ditional Value-at-Risk (CVaR) could improve robustness and sensitivity to extreme
outcome. On the institutional side, embedding the mechanism within regulatory sand-
box environments would provide valuable insights into its operational feasibility.
Finally, integrating reputation systems or blockchain-based transparency tools could
help bridge the gap between formal allocation rules and the behavioral dynamics
governing peer communities.

To conclude, the Shapley-based ex-ante contribution mechanism provides a rig-
orous yet practical tool for structuring P2P insurance, striking a balance between
simplicity and fairness. Its ultimate successwill dependon its adaptability to real-world
platforms and its compatibility with evolving regulatory frameworks. At present, reg-
ulation in this area remains fluid; clear and proportionate rules are needed to address
solvency, governance, and consumer protection concerns, thereby supporting the insur-
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ance industry’s ability to build sustainable and effective P2P models. Within this
context, the contribution and allocation mechanism proposed in this paper should be
interpreted as a tool for improving transparency in risk sharing, rather than as a substi-
tute for regulatory protection. Although Shapley-based rules can reduce uncertainty by
aligning contributions with marginal risk and limiting cross-subsidization, regulatory
oversight remains essential to address solvency, governance, and consumer protection
concerns in P2P insurance markets.
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