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Abstract

This paper studies proportional risk sharing at claim occurrence time in community-based
insurance. Each participant is modeled by an individual Cramér–Lundberg surplus process,
and, whenever a claim is reported within the pool, its cost is redistributed according to a fixed
allocation matrix. We compare the infinite-time ruin probability of each participant under
stand-alone operation and under pool participation. Our main result shows that pooling
reduces, for every participant, the infinite-time ruin probability when claim severities belong
to a common scale family, the allocation rule satisfies full allocation and actuarial fairness,
and each transfer remains bounded by an individual capacity condition. The proof relies on
a convex-order comparison between the losses borne inside the pool and the corresponding
stand-alone losses. We also clarify the role of these assumptions by showing that, outside this
framework, pooling need not be beneficial for all participants. Numerical illustrations with
Exponential and LogNormal severities support the theoretical findings and highlight how the
design of proportional sharing rules affects solvency. The paper thus provides simple and
interpretable sufficient conditions under which transparent linear risk-sharing arrangements
improve individual solvency in community-based insurance.

Keywords: Community-based insurance; linear risk-sharing; risk pooling; risk process; ruin
probability.

JEL Classification: G220; G520; O120.



1 Introduction and motivation

Human societies have always operated under conditions of uncertainty, where unpredictable
shocks such as illness, fire or death pose recurrent threats. These vulnerabilities are par-
ticularly acute in low-income communities where market imperfections, limited enforcement
capacity, weak infrastructure, and incomplete credit and insurance markets restrict access
to formal mechanisms for managing risk (Dercon, 2002; Fitzsimons et al., 2018; Saha and
Qin, 2023). In such environments, households frequently rely on informal, socially embedded
arrangements to cope with adverse events.

Among the range of informal strategies used to manage risk, risk pooling occupies a dis-
tinctive position. Unlike precautionary behavior, risk avoidance, or self-insurance through
the accumulation of private reserves, which can be undertaken individually, risk pooling
is inherently collective, relying on social interaction and cooperation to distribute losses
among participants. Through this mechanism, individuals share exposure to uncertainty by
smoothing shocks over time and across the group, thereby transforming potentially large
or volatile losses into more manageable contributions. Much like formal insurance, which
involves regular premium payments in exchange for protection against adverse events, infor-
mal risk-pooling systems redistribute losses within networks of kin, friends, or community
members, thereby reducing the burden borne by any single individual (Cronk and Aktipis,
2021).

In a risk-sharing pool, participants are indemnified from a collective fund for their indi-
vidual losses and, in return, make ex-post contributions so that the aggregate of individual
payments exactly matches the total loss experienced by the pool (Denuit et al., 2022; Feng,
2023). The actuarial literature on such arrangements has investigated a variety of modeling
assumptions, including the distribution of losses, the homogeneity of participants, and the
exchangeability of risks, as well as alternative allocation rules governing the distribution
of contributions and benefits. Among these rules, the conditional mean risk-sharing rule,
originally introduced in Denuit and Dhaene (2012), has received particular attention; see,
for instance, Denuit (2019), Denuit and Robert (2024), and the references therein. Under
this rule, each participant’s contribution is given by the conditional expectation of their loss
given the aggregate loss of the pool. Beyond this benchmark, several alternative allocation
principles have also been proposed and studied.

The studies discussed above primarily examine risk-sharing arrangements in a static
setting, where interactions are confined to a single period. In practice, however, individuals
often participate in long-term risk-sharing agreements that allow them to smooth adverse
shocks over time. This naturally gives rise to a dynamic framework in which the temporal
dimension plays a fundamental role.

This article adopts such a dynamic perspective on risk sharing. Recent contributions
in this area include Abdikerimova et al. (2024), who show that, within the risk-sharing
framework they consider, the optimal dynamic risk-sharing rule is horizon independent.
They further establish a connection between their model and the classical portfolio selection
problem in mathematical finance. Likewise, Boonen and Zhou (2026) formulate risk sharing
as a continuous-time stochastic control problem in which participants enter social contracts
to determine Pareto-efficient proportional sharing arrangements. Consistent with practical
risk-sharing mechanisms, the authors impose non-negativity constraints on the risk-sharing
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proportions. Under this framework, they derive the Hamilton–Jacobi–Bellman equation that
characterizes the optimal sharing rule, which they subsequently use to quantify the benefits
of risk sharing and to investigate the impact of the imposed constraints.

Other recent studies have explored dynamic risk sharing in different settings. For exam-
ple, Hanbali et al. (2025) examine time-varying risk-sharing arrangements in the context of
life insurance, focusing on the interaction between annuity buyers and providers. Meanwhile,
Tao et al. (2025) study a group of economic agents belonging to two distinct types and derive
the optimal investment, consumption, and risk-sharing strategies using martingale methods.

While the actuarial literature has primarily focused on the mathematical properties of
risk-sharing rules (see Denuit et al., 2022, for a broad overview), practical implementations
of collective risk sharing arise in a variety of institutional settings. In many low-income
environments, informal pooling mechanisms have evolved into more structured and insti-
tutionalized arrangements, such as community-based insurance schemes (CBIs). CBIs are
locally organized, member-financed schemes that pool contributions in order to provide pre-
specified benefits, formalizing rules on contributions, eligibility, and payouts while preserving
the underlying logic of collective risk sharing. See Dercon et al. (2006) for an example of
funeral CBIs in Ethiopia and Tanzania, and Lemay-Boucher (2012) for an example from
Benin. CBIs exist in many forms, with community-based health insurance (CBHI) being
especially prominent in the literature (Ekman, 2004; Carrin et al., 2005; Mebratie et al.,
2013; Eze et al., 2023), alongside schemes covering funeral expenses, agricultural risks, and
other insurable events.

In practice, CBIs display substantial heterogeneity in their contribution mechanisms,
with many schemes relying either on regular flat-rate contributions paid periodically by
members or on fixed ex-post contributions triggered by specific events. For instance, Dercon
et al. (2006) document that, in Tanzanian funeral CBIs, participants contribute only when
a funeral occurs, whereas in Ethiopian CBIs members typically pay regular monthly con-
tributions. The contribution mechanism therefore defines the risk-sharing rule: it specifies
the allocation borne by each member in exchange for participation in collective coverage. In
many real-world settings, these designs prioritize simplicity and transparency, two features
that are essential for building trust and sustaining participation when information asymme-
tries are severe and administrative capacity is limited (Dror et al., 2016; Fadlallah et al.,
2018; Levantesi and Piscopo, 2022). In this paper, we study whether participation in a CBI
yields a measurable solvency benefit for individuals relative to stand-alone operation.

Following Denuit and Robert (2023), we model individual insurance accounts within a
community by means of the classical Cramér–Lundberg risk process; see Asmussen and Al-
brecher (2010) and Mandjes and Boxma (2023) for standard references on this model and
its variants. Pooling is introduced directly at claim occurrence times, so that each insured
loss is immediately redistributed across participants according to a prescribed sharing rule.
While the conditional mean risk-sharing rule studied by Denuit and Robert (2023) enjoys
strong theoretical properties and is naturally motivated by conditional averaging, it may be
computationally demanding for some probability models (Yang and Wei, 2025). More im-
portantly for our present purpose, it may be less transparent for non-technical participants
than simpler linear arrangements. In community-based settings, where legitimacy and par-
ticipation often depend on the perceived clarity of the contribution rule, this interpretability
issue is not merely cosmetic. Motivated by these considerations, we focus here on linear
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risk-sharing rules under which each participant bears a fixed fraction of each loss reported
in the pool. We then compare the infinite-time ruin probability of each participant under
stand-alone operation and under pool participation.

It is important to note that, unlike most previous studies on risk sharing in the actuarial
science literature, where individual losses are first aggregated into a common pool and only
subsequently redistributed (see, for example, Chapter 6 in Feng (2023)), our model allocates
individual losses among pool members immediately upon their occurrence. Moreover, exist-
ing models typically assume that risk sharing is activated only as a mechanism to prevent
ruin, that is, support from peers is provided only when an insurer’s surplus is about to be-
come (or becomes) negative. See, e.g., Albrecher et al. (2017) and Gu et al. (2018). By
contrast, in the present framework, losses are shared instantaneously among pool members
regardless of whether any participant is close to ruin, making risk sharing an integral and
continuous feature of the surplus process rather than an intervention triggered only by the
risk of insolvency.

The main contribution of this paper is to provide tractable sufficient conditions under
which joining a community-based insurance pool with a linear sharing rule reduces the
infinite-time ruin probability of every participant. In contrast with the conditional mean
rule, the proportional mechanism studied here is fully specified by a deterministic allocation
matrix and is therefore easier to explain, implement, and monitor. Our analysis shows
that this simplicity does not prevent rigorous solvency improvements: under appropriate
assumptions, pooling makes each participant weakly better off in ruin-probability terms.
The paper thus contributes to the actuarial theory of risk sharing by identifying a class of
transparent allocation rules for which individual participation can be justified through a
classical solvency criterion.

The remainder of the paper is organized as follows. Section 2 introduces the compound
Poisson loss model and the corresponding individual and pooled surplus processes. Section
3 defines the proportional risk-sharing rule at occurrence time and establishes the main
result showing that pooling reduces individual infinite-time ruin probabilities under some
conditions. This section also provides numerical illustrations. Section 4 discusses the scope
and limitations of the assumptions. Section 5 discusses the design of allocation matrices
through scalarized optimization problems and illustrates how Pareto-efficient candidates can
be obtained under the full-allocation, actuarial-fairness and capacity constraints. Section 6
concludes. The appendices provide additional material: Appendix A discusses an extension
incorporating dependence through common shocks, Appendix B details the mathematical
proofs, Appendix C gives supplementary examples illustrating the role of the scale-family
assumption, and Appendix D reports an additional numerical example on the violation of
the capacity constraint.

2 Loss model

2.1 Individual accounts

Consider a community-based insurance pool with n participants, indexed by i = 1, . . . , n,
and starting operations at time 0. Each participant is associated with an individual insurance
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account reflecting his or her own claims experience.
For participant i, let {Ni,t, t ≥ 0} denote the number of claims reported over the interval

(0, t], with Ni,0 = 0. Throughout the paper, {Ni,t, t ≥ 0} is assumed to be a Poisson process
with intensity λi > 0. The size of the kth claim reported by participant i is denoted by Yi,k.
For each fixed i, the random variables Yi,1, Yi,2, . . . are assumed to be non-negative, indepen-
dent and identically distributed, with common distribution function FYi

, mean bi = E[Yi,1],
and finite variance σ2

Yi
= Var[Yi,1]. Claim sizes are furthermore assumed to be independent

of the counting process {Ni,t, t ≥ 0}.
The cumulative claim amount reported by participant i up to time t is

Si,t =

Ni,t∑
k=1

Yi,k, t ≥ 0, (2.1)

with Si,0 = 0. Hence, for each i, {Si,t, t ≥ 0} is a compound Poisson process. We also
assume that the processes {Si,t, t ≥ 0} are mutually independent for i = 1, . . . , n.

Participant i contributes to the scheme at constant rate ci and provides an initial reserve
κi ≥ 0. The corresponding individual surplus process is

Vi,t = cit− Si,t + κi, t ≥ 0. (2.2)

We take the contribution rate to be the expected claim amount per unit of time, multiplied
by a common safety loading:

ci = (1 + η)E[Si,1] = (1 + η)λibi, (2.3)

where η > 0 is the safety loading coefficient.

2.2 Pooled fund

When participants join the pool, contributions, claim amounts, and initial reserves are ag-
gregated as

c =
n∑

i=1

ci, St =
n∑

i=1

Si,t, κ =
n∑

i=1

κi. (2.4)

The aggregate surplus of the pooled fund at time t is then given by

Vt =
n∑

i=1

Vi,t = ct− St + κ, t ≥ 0. (2.5)

Both (2.2) and (2.5) are of classical Cramér–Lundberg type.
At the pool level, the total number of claims reported over (0, t] is Nt =

∑n
i=1Ni,t. Since

the participant-specific claim arrival processes are independent Poisson processes, {Nt, t ≥
0} is itself a Poisson process with intensity λ• =

∑n
i=1 λi. Let

Tk = inf{t ≥ 0 : Nt = k}, (2.6)
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denote the occurrence time of the kth claim at the pool level. The aggregate claim amount
up to time t can then be written as

St
d
=

Nt∑
k=1

Xk, t ≥ 0, (2.7)

whereX1, X2, . . . are independent and identically distributed with common distribution func-
tion FX = 1

λ•

∑n
i=1 λiFYi

. Therefore, {St, t ≥ 0} is a compound Poisson process with inten-
sity λ• and claim-size distribution FX .

More explicitly, the kth claim amount at the pool level can be represented as

Xk =
n∑

j=1

Ij,k Yj,Nj,Tk
, (2.8)

where, for each k, exactly one indicator among I1,k, . . . , In,k is equal to 1, namely the one
corresponding to the participant who generated the kth claim. In particular,

P[Ij,k = 1] =
λj
λ•
, j = 1, . . . , n, and

n∑
j=1

Ij,k = 1.

Hence, Xk is a mixture of the individual claim severities, with mixing weights proportional to
the claim frequencies. The summands in (2.8) are mutually exclusive in the sense of Dhaene
and Denuit (1999).

3 Linear risk sharing at occurrence time

3.1 Proportional risk sharing rule

Section 2 introduces the aggregate claim process at pool level through the sequence of claim
occurrence times (Tk)k≥1 and the corresponding claim amounts (Xk)k≥1. We now specify
how each aggregate claim Xk is redistributed among participants when it occurs.

For each ordered pair (i, j) ∈ {1, . . . , n}2, let ai,j ∈ [0, 1] denote the fraction of a claim
generated by participant j that is borne by participant i within the pool. Following Ab-
dikerimova and Feng (2022), we refer to these coefficients as transfer ratios, and we collect
them in the allocation matrix A = (ai,j)1≤i,j≤n. In particular, ai,i is the retention level of
participant i, that is, the fraction of his or her own claim that remains on the individual
account after pooling.

A basic requirement is that each claim be fully redistributed across the members of the
pool. This is the full-allocation property, also referred to as budget balance; see Denuit et
al. (2022) and Charpentier and Ratz (2025). In matrix form, it requires

n∑
i=1

ai,j = 1, j = 1, . . . , n, (3.1)

so that A is column-stochastic. Under (3.1), the whole amount of each loss is allocated
within the pool, with no residual gain or deficit at occurrence time.
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We now define the individual payments generated by the kth pooled claim. Recall from
(2.8) that the kth claim at pool level is generated by exactly one participant. Let Zi,j,k

denote the payment made by participant i at time Tk when the kth claim is generated by
participant j. Then

Zi,j,k = ai,j Ij,k Yj,Nj,Tk
, i, j = 1, . . . , n, (3.2)

where Ij,k is the indicator introduced in Section 2. Since exactly one indicator among
I1,k, . . . , In,k is equal to 1, the total payment made by participant i at the kth occurrence
time is

Zi,k =
n∑

j=1

Zi,j,k.

Equivalently, if Jk denotes the unique participant such that IJk,k = 1, then

Zi,k = ai,Jk YJk,NJk,Tk
and

n∑
i=1

Zi,k = Xk.

For each fixed i, the sequence (Zi,k)k≥1 is independent and identically distributed. More
precisely, Zi,k is a mixture of the scaled severities ai,1Y1, . . . , ai,nYn, with mixing probabilities
proportional to the claim frequencies:

P[Jk = j] =
λj
λ•
, j = 1, . . . , n. (3.3)

Hence, for z ≥ 0,

FZi
(z) =

1

λ•

∑
j: ai,j=0

λj +
1

λ•

∑
j: ai,j>0

λjFYj

(
z

ai,j

)
.

Its mean is given by

µZi
= E[Zi,1] =

1

λ•

n∑
j=1

λjai,jbj,

and we denote its variance by σ2
Zi

= Var[Zi,1].
Therefore, the cumulative claim amount allocated to participant i up to time t after

pooling is

Spool
i,t =

Nt∑
k=1

Zi,k, t ≥ 0,

which is a compound Poisson process with intensity λ• and claim-size distribution FZi
.

Keeping the same contribution rate ci and initial reserve κi as in Section 2, the pooled
surplus process of participant i is

V pool
i,t = cit− Spool

i,t + κi, t ≥ 0. (3.4)

Whereas Si,t records the claims originally reported by participant i, Spool
i,t records the claims

eventually borne by participant i after the occurrence-time redistribution rule has been
applied throughout the pool.
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Figure 1: Illustration of the individual surplus processes under the proportional risk-sharing
rule introduced in Example 3.2 for a pool of three individuals with initial reserves κ1 = 5,
κ2 = 1 and κ3 = 4. The left and right columns correspond to the dynamics before pooling
{Vi,t, t ≥ 0} and after pooling {V pool

i,t , t ≥ 0}, for i = 1, 2, 3, respectively. The model
parameters are set to η = 2/5, λ1 = 0.3, λ2 = 0.25, λ3 = 0.2 and Yi,k ∼ LogNormal(µi, σ

2
i ),

with µ1 = 0.6, µ2 = 0.55, µ3 = 0.525 and σ2
1 = σ2

2 = σ2
3 = 1. The origin of each claim is

indicated by line style and color: orange dotted for participant 1, teal dashed for participant
2, and pink dot-dashed for participant 3.
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Figure 1 illustrates how pooling affects the claim experience (i.e., claim arrival times
and claim sizes) of an individual’s account surplus process. As expected, after pooling, an
individual makes more frequent payments, since they are required to participate in the losses
incurred by other members of the pool. However, these payments are smaller compared
to those made in the stand-alone setting. Furthermore, participant 1 makes the largest
contributions, reflecting the fact that this participant has the highest expected loss per unit
of time among all members of the pool.

3.2 Allocation constraints and scale loss family assumption

3.2.1 Actuarial fairness constraint

Actuarial fairness means that, for each participant, joining the pool does not change the
expected claim amount borne per unit of time. In other words, the risk-sharing rule redis-
tributes losses without creating systematic expected gains or losses across participants; see,
e.g., Denuit et al. (2022).

Under stand-alone operation, the cumulative claim amount borne by participant i up to
time t is Si,t, so that

E[Si,t] = E[Ni,t] E[Yi,1] = λit bi. (3.5)

Under the proportional sharing rule introduced in Section 3.1, the cumulative claim amount
borne by participant i after pooling is Spool

i,t =
∑Nt

k=1 Zi,k. Hence,

E
[
Spool
i,t

]
= E[Nt] E[Zi,1] = λ•tE[Zi,1] = t

n∑
j=1

λjai,jbj. (3.6)

This leads to the following assumption.

Assumption 3.1 (Actuarial fairness). The proportional risk-sharing rule with allocation
matrix A is said to be actuarially fair if, for every participant i = 1, 2, . . . , n,

λibi =
n∑

j=1

λjai,jbj ⇔ λibi(1− ai,i) =
∑
j ̸=i

λjai,jbj. (3.7)

Condition (3.7) states that the expected loss per unit of time borne by participant i
inside the pool coincides with the expected loss per unit of time borne under stand-alone
operation. The equivalent formulation highlights the balance between the expected loss
ceded by participant i to the rest of the pool, namely λibi(1 − ai,i), and the expected loss
assumed by participant i from the claims of the other participants, namely

∑
j ̸=i λjai,jbj.

When claim frequencies are homogeneous, that is, λ1 = · · · = λn, Assumption 3.1 reduces
to
∑n

j=1 ai,jbj = bi, i = 1, . . . , n.
We now present two benchmark examples of proportional sharing rules. The first one

satisfies both the full-allocation property and Assumption 3.1 by construction. The second
one always satisfies full allocation, but is actuarially fair only under an additional symmetry
condition.
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Example 3.2 (Mean-proportional rule). Consider the mean-proportional (MP) sharing rule
defined by

aMP
i,j = aMP

i :=
λibi∑n

k=1 λkbk
, i, j = 1, . . . , n. (3.8)

Under this rule, participant i bears the same fixed fraction aMP
i of every claim reported in

the pool, independently of its origin.
Since the coefficient does not depend on j, each column sum is equal to

n∑
i=1

aMP
i,j =

n∑
i=1

λibi∑n
k=1 λkbk

= 1,

so the full-allocation property holds. Moreover, for every participant i,

n∑
j=1

λja
MP
i,j bj =

n∑
j=1

λj
λibi∑n

k=1 λkbk
bj =

λibi∑n
k=1 λkbk

n∑
j=1

λjbj = λibi.

Hence Assumption 3.1 is satisfied. Therefore, the mean-proportional rule defines an actuar-
ially fair proportional sharing scheme.

Example 3.3 (Uniform-proportional rule). Consider now the uniform-proportional (UP)
sharing rule defined by

aUP
i,j =

1

n
, i, j = 1, . . . , n. (3.9)

Under this rule, every claim is shared equally among the n participants, regardless of the
identity of the claimant.

The full-allocation property is immediate. However, actuarial fairness does not hold in
general. Indeed, Assumption 3.1 becomes

λibi =
n∑

j=1

λj
1

n
bj =

1

n

n∑
j=1

λjbj, i = 1, . . . , n.

Therefore, the uniform-proportional rule is actuarially fair if, and only if,

λ1b1 = λ2b2 = · · · = λnbn. (3.10)

In other words, equal sharing is actuarially fair precisely when all participants have the same
expected claim amount per unit of time.

As a particular case, if claim frequencies are homogeneous, that is, λ1 = · · · = λn, then
(3.10) reduces to b1 = b2 = · · · = bn. Hence, under homogeneous claim frequencies, the
uniform-proportional rule is actuarially fair if and only if the participants have identical
mean claim severities.

3.2.2 Capacity constraint

Actuarial fairness controls the average loss borne by each participant per unit of time after
pooling, but it does not by itself prevent the allocation matrix from assigning to participant
i an excessively large share of claims generated by a participant with a much larger severity
level. To rule out such disproportional transfers, we impose the following bilateral constraint.
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Assumption 3.4 (Capacity constraint). The proportional risk-sharing rule with allocation
matrix A is said to satisfy the capacity constraint if, for every pair (i, j) ∈ {1, . . . , n}2,

ai,jbj ≤ bi. (3.11)

Assumption 3.4 means that the expected payment borne by participant i when a claim
from participant j occurs, namely ai,jE[Yj,1] = ai,jbj, cannot exceed participant i’s own mean
claim size bi. Economically, the rule prevents a participant from being asked to absorb, claim
by claim, an exposure that is larger than his or her own typical loss level. Mathematically,
this bilateral bound will be used in the proof of the ruin-probability comparison to control
the dispersion of transferred claims.

It is worth noting that Assumption 3.4 is more restrictive with respect to the bilateral
transfers done by each member of the pool than actuarial fairness. Specifically, the latter
balances expected losses only after aggregation over all claim origins j, whereas the capacity
constraint must hold separately for each bilateral transfer. In general, neither assumption
implies the other; however, when claim frequencies are homogeneous, that is, λ1 = · · · = λn,
Assumption 3.1 implies Assumption 3.4. Indeed, in that case actuarial fairness reads

n∑
j=1

ai,jbj = bi, i = 1, . . . , n,

and since all summands are non-negative, one necessarily has ai,jbj ≤ bi for every j.
Assumption 3.4 also provides some intuition on the admissible heterogeneity of the pool.

Summing (3.11) over i and using the full-allocation property (3.1), we obtain

bj =
n∑

i=1

ai,jbj ≤
n∑

i=1

bi, j = 1, . . . , n.

Thus, the capacity constraint is compatible with heterogeneous pools, but it prevents par-
ticipants with small mean severities from absorbing too large a fraction of claims generated
by participants with much larger mean severities.

For the benchmark rules introduced in Section 3.2.1, the capacity constraint takes a
simple form.

Mean-proportional rule. Under the mean-proportional rule of Example 3.2, substituting
aMP
i,j = aMP

i into (3.11) gives

aMP
i bj =

λibibj∑n
k=1 λkbk

≤ bi ⇔ λibj ≤
n∑

k=1

λkbk.

Hence, Assumption 3.4 holds for the mean-proportional rule if, and only if,

λibj ≤
n∑

k=1

λkbk, i, j = 1, . . . , n⇔ λi max
1≤j≤n

bj ≤
n∑

k=1

λkbk, i = 1, . . . , n. (3.12)

In particular, when claim frequencies are homogeneous, the mean-proportional rule auto-
matically satisfies the capacity constraint, because bj ≤

∑n
k=1 bk obviously holds true for

j = 1, . . . , n.
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Uniform-proportional rule. Under the uniform-proportional rule of Example 3.3, the
capacity constraint becomes

1

n
bj ≤ bi, i, j = 1, . . . , n⇔ bj ≤ n bi, i, j = 1, . . . , n. (3.13)

Therefore, the uniform-proportional rule satisfies Assumption 3.4 if, and only if, the mean
severities are not too dispersed across participants. In particular, if the uniform-proportional
rule is actuarially fair under homogeneous claim frequencies, then b1 = · · · = bn, and the
capacity constraint is automatically satisfied.

3.2.3 Scale loss family

We now impose a structural assumption on claim severities. It states that the heterogeneity
across participants operates through scale parameters only, while the normalized severities
share a common distribution.

Assumption 3.5 (Scale loss family). There exists a non-negative random variable W such
that E[W ] = 1 and, for every i = 1, . . . , n and every k ≥ 1,

Yi,k
d
= biW, bi > 0. (3.14)

Equivalently, the normalized severities satisfy
Yi,k

bi

d
= W for i = 1, . . . , n and k ≥ 1.

Assumption 3.5 means that all participants have the same severity shape after normaliza-
tion by their mean scale bi = E[Yi,1]. Thus, differences across participants are captured only
by multiplicative scale effects. This assumption is restrictive, but it provides a transparent
framework in which the dispersion of pooled and stand-alone losses can be compared on a
common basis.

Under Assumption 3.5, the payment made by participant i at a claim occurrence time
remains a scaled version of the same benchmark random variable W . Indeed, when the
triggering claim comes from participant j, the payment borne by participant i is

ai,jYj,1
d
= ai,jbjW.

Hence, after normalization by bi, the pooled payment borne by participant i is a mixture of
the random variables

ai,jbj
bi

W , j = 1, . . . , n. In particular, under Assumption 3.4, all these
scaling coefficients satisfy

0 ≤ ai,jbj
bi

≤ 1, (3.15)

which will be crucial in the proof of the main ruin-probability comparison.
We conclude this subsection with two standard examples.

Example 3.6 (Gamma scale family). Let W follow a Gamma distribution with shape pa-
rameter α > 0 and rate parameter α, that is, W ∼ Gamma(α, α), so that E[W ] = 1 and
Var[W ] = 1

α
. Then, Assumption 3.5 holds if, and only if, for each participant i,

Yi,1 ∼ Gamma

(
α,
α

bi

)
,

11



in the shape-rate parametrization. Thus, Gamma severities belong to a common scale family
precisely when the shape parameter is common across participants, while the scale parameter
is proportional to bi.

Example 3.7 (LogNormal scale family). Let W follow a LogNormal distribution with pa-
rameters

W ∼ LogNormal

(
−σ

2

2
, σ2

)
, σ2 > 0,

so that E[W ] = 1. Then Assumption 3.5 holds if, and only if, for each participant i,

Yi,1 ∼ LogNormal

(
log bi −

σ2

2
, σ2

)
.

Equivalently, a collection of LogNormally-distributed severities Yi,1 ∼ LogNormal(µi, σ
2
i ),

i = 1, . . . , n, belongs to a common scale family if, and only if, the variance parameter is the
same for all participants, that is,

σ2
1 = · · · = σ2

n =: σ2,

and the location parameters satisfy

µi = log bi −
σ2

2
, i = 1, . . . , n.

Hence, within the LogNormal family, a common scale family is obtained by keeping the shape
parameter σ2 fixed and allowing only location shifts across participants.

3.3 Main result on ruin-reducing effect of pooling

Define the infinite-time ruin probabilities as

ψ (κ) = P

[
inf
t≥0

Vt < 0 | V0 = κ

]
, ψi (κi) = P

[
inf
t≥0

Vi,t < 0 | Vi,0 = κi

]
,

and ψpool
i (κi) = P

[
inf
t≥0

V pool
i,t < 0 | V pool

i,0 = κi

]
.

(3.16)

The quantity ψ(κ) is the probability that the pooled fund will ever become negative, whereas
ψi(κi) is the probability that participant i is eventually ruined when operating on a stand-
alone basis, and ψpool

i (κi) is the corresponding probability after joining the pool. Assumption
3.1 implies that the pooled model of participant i has the same expected claim amount per
unit of time as the stand-alone model, namely λibi. Since ci = (1 + η)λibi by (2.3), the net
profit condition holds for both Vi,t and V

pool
i,t , and thus ψi(κi) < 1 and ψpool

i (κi) < 1 for all
κi ≥ 0.

It is important to distinguish between the solvency of the pooled fund and the solvency of
the individual accounts after risk sharing. Under the full-allocation condition, the allocation
matrix A does not affect the aggregate surplus process of the pooled fund. Indeed, at each
claim occurrence time one has

∑n
i=1 Zi,k = Xk, and therefore

∑n
i=1 S

pool
i,t = St for all t ≥ 0.

12



Consequently, for a given aggregate contribution rate c and aggregate initial reserve κ, the
pooled fund ruin probability ψ(κ), defined in (3.16), is invariant with respect to the choice
of A. The role of the sharing matrix is instead to redistribute the aggregate claim stream
among the individual accounts, thereby affecting the individual ruin probabilities ψpool

i (κi),
also defined in (3.16). Thus, the financial health of the pooled fund is governed by the
aggregate reserve κ =

∑n
i=1 κi, whereas individual solvency depends both on the individual

reserve κi and on the allocation rule.
An alternative avenue is to study finite-time ruin probabilities, defined as the probability

of ruin occurring within a finite time horizon. In this paper, however, we focus on infinite-
time ruin probabilities. This choice is motivated by their greater mathematical tractability
compared to their finite-time counterparts, while still providing an informative measure of
each participant’s solvency. Moreover, in the context of risk-sharing, Denuit and Robert
(2023) show that, when a participant has zero initial reserve, its finite-time ruin probability
is higher under pooling than in the corresponding stand-alone setting (see Proposition 3.4 in
that paper), thus demonstrating that pooling is detrimental. Their numerical illustrations
suggest that this adverse effect of pooling on finite-time ruin probabilities also persists for
small positive initial reserves. Nevertheless, it diminishes as the time horizon increases,
eventually vanishing. This is rather intuitive: pooling makes participants more likely to
contribute shortly after joining the pool. Hence, participants with low initial reserves are
more likely to experience ruin under pooling than in the corresponding stand-alone setting,
even though their contributions are expected to be smaller after pooling takes place. In
general, finite-time ruin probabilities under the stand-alone and pooling settings cannot be
directly compared for initial reserves greater than zero. Therefore, following Denuit and
Robert (2023), our work seeks to determine whether the risk-sharing mechanism introduced
in Section 3.1 reduces participants’ infinite-time ruin probabilities when pooling, compared
with the corresponding stand-alone setting.

To compare ruin probabilities, we use the convex order⪯CX. Recall that for two integrable
random variables W1 and W2, one writes W1 ⪯CX W2 if E[W1] = E[W2] and E[(W1 − t)+] ≤
E[(W2 − t)+] for all t ∈ R. Equivalently, W1 ⪯CX W2 if, and only if, E[g(W1)] ≤ E[g(W2)]
for every convex function g for which the expectations exist. In actuarial terms, this means
that W2 is more variable, or more dispersed, than W1 while having the same mean; see, for
example, Denuit et al. (2005).

We are now in a position to state the main result of this section. The proof of Proposition
3.8 is given in Appendix B.1.

Proposition 3.8. Suppose that the proportional risk-sharing rule satisfies Assumptions 3.1,
3.4, and 3.5. Then, ψpool

i (κi) ≤ ψi(κi) for every participant i = 1, . . . , n and all κi ≥ 0.

Proposition 3.8 gives a clear actuarial interpretation of pooling under the proportional
rule. Under Assumptions 3.1, 3.4, and 3.5, joining the pool does not improve solvency
through hidden subsidies or through a reduction in the expected loss rate borne by a par-
ticipant. Instead, the gain comes from a genuine risk-pooling effect: losses are redistributed
at occurrence time in such a way that each participant faces a claim stream that is less
dispersed than in stand-alone operation, while preserving the same expected claim amount
per unit of time. In ruin-theoretic terms, the pool therefore acts as a volatility-smoothing
mechanism. Proposition 3.8 shows that, within this framework, a sufficiently well-designed
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linear sharing rule transforms collective solidarity into an individual solvency benefit, since
every participant weakly reduces his or her infinite-time ruin probability by entering the
pool.

3.4 Numerical illustrations

The purpose of the numerical illustrations below is to complement Proposition 3.8 by show-
ing, on concrete examples, how the risk-reducing effect of pooling appears in terms of infinite-
time ruin probabilities. In both subsections, the parameters are chosen so that the propor-
tional sharing rules under consideration satisfy the full-allocation property together with
Assumptions 3.1, 3.4, and 3.5. Hence, the assumptions of Proposition 3.8 are satisfied. The
numerical results therefore provide explicit illustrations of the theoretical conclusion that,
under these conditions, pooling weakly decreases the ruin probability of every participant.

3.4.1 Exponentially-distributed losses

Even if the choice of the Exponential distribution for modeling losses is questionable in
practice, it remains useful because analytical expressions are available for infinite-time ruin
probabilities. This provides the actuary with a better understanding of the risk-sharing
mechanism so that we begin with this case.

Consider a pool of three participants (n = 3). For each individual i = 1, 2, 3, the claim
amounts Yi,1, Yi,2, . . . are independent and identically distributed according to the Exponen-
tial distribution with rate parameter αi > 0, that is, FYi

(y) = 1− e−αiy, y ≥ 0. We consider
the following parameter values:

(i) Claim frequency: λ1 = 2, λ2 = 1, and λ3 = 3,

(ii) Claim severity: α1 =
1
2
, α2 = 2, and α3 = 1.

The corresponding mean claim sizes are b1 = 1
α1

= 2, b2 = 1
α2

= 1
2
, and b3 = 1

α3
= 1.

Additionally, we assume a safety loading factor of η = 2
5
. Under these conditions, it is clear

that the net profit condition (2.3) is satisfied for the three participants in the pool. Hence,
it is also satisfied for the pooled individual risk account for each participant i.

Under this setting, the probability density function of the random variables Zi,k, for
i = 1, 2, 3, is given by

fZi
(z) =

1

λ•

3∑
j=1

λj
ai,j

fYj

(
z

ai,j

)
= p1 βi,1e

−βi,1z + p2 βi,2e
−βi,2z + p3 βi,3e

−βi,3z, z ≥ 0, (3.17)

where pj :=
λj

λ•
and βi,j :=

αj

ai,j
. Thus, Zi,k follows a mixture of Exponential distributions with

rate parameters βi,j and mixing probabilities pj. In particular, pj represents the probability
that Zi,k is Exponentially distributed with rate βi,j.
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In this example, we consider the mean-proportional (MP) risk-sharing scheme introduced
in Example 3.2 with allocation matrix AMP given by

AMP =



λ1
α1

λ1
α1

+
λ2
α2

+
λ3
α3

λ1
α1

λ1
α1

+
λ2
α2

+
λ3
α3

λ1
α1

λ1
α1

+
λ2
α2

+
λ3
α3

λ2
α2

λ1
α1

+
λ2
α2

+
λ3
α3

λ2
α2

λ1
α1

+
λ2
α2

+
λ3
α3

λ2
α2

λ1
α1

+
λ2
α2

+
λ3
α3

λ3
α3

λ1
α1

+
λ2
α2

+
λ3
α3

λ3
α3

λ1
α1

+
λ2
α2

+
λ3
α3

λ3
α3

λ1
α1

+
λ2
α2

+
λ3
α3


=


8
15

8
15

8
15

1
15

1
15

1
15

2
5

2
5

2
5

 .

We also consider an alternative (ALT) risk-sharing with allocation matrix AALT con-
structed as follows. The procedure begins by choosing how much each participant retains
from his or her own loss, that is, by specifying the diagonal elements aALT

i,i . These choices
must be made with care, as they are required to satisfy the conditions stated in Proposi-
tion 3.8. For example, in our setting, participant 2 is expected to experience the smallest
claims, as his or her mean loss b2 is the lowest among the 3 participants. Therefore, it would
be unreasonable to require this participant to bear a large share of losses originating from
participants 1 and 3, as doing so would likely violate the actuarial-fairness condition. In
other words, the proportions aALT

2,1 and aALT
2,3 should be relatively small in order to maintain

actuarial fairness for participant 2. Accordingly, we select the following retention fractions:
aALT
1,1 = 0.800, aALT

2,2 = 0.400, and aALT
3,3 = 0.700.

After having selected the diagonal retention levels for each participant, we specify only
one additional “free” sharing fraction, namely an off-diagonal element of the matrix AALT.
In this case, we assign participant 1 (who is expected to incur the largest losses, since b1
is the highest among all participants) to take on 10% of participant 2 risk, that is, we set
aALT
1,2 = 0.100. Now, the full-allocation property (or column-stochasticity of the matrixAALT)

and the actuarial fairness condition do the rest of the work. For aALT
1,3 , the actuarial-fairness

condition implies

λ1b1a
ALT
1,1 + λ2b2a

ALT
1,2 + λ3b3a

ALT
1,3 = λ1b1 ⇒ aALT

1,3 = 0.250.

Similarly, for aALT
2,3 , using the full-allocation property, we have the following,

aALT
1,3 + aALT

2,3 + aALT
3,3 = 1 ⇒ aALT

2,3 = 0.050.

Then, using actuarial fairness again, we obtain aALT
2,1 ,

λ1b1a
ALT
2,1 + λ2b2a

ALT
2,2 + λ3b3a

ALT
2,3 = λ2b2 ⇒ aALT

2,1 = 0.038.

Finally, using the full-allocation property provides us with aALT
3,1 and aALT

3,2 since

aALT
3,1 = 1− aALT

2,1 − aALT
1,1 = 0.163,

aALT
3,2 = 1− aALT

2,2 − aALT
1,2 = 0.5.
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This finally results in the following set of transfer ratios:

AALT =


0.800 0.100 0.250

0.038 0.400 0.050

0.163 0.500 0.700

 .

It is straightforward to verify that the proposed alternative proportional risk-sharing scheme
based on the transfer ratios aALT

i,j is actuarially fair.
The Exponential distributions form a scale family with scale parameter bj =

1
αj
. More-

over, for both risk-sharing schemes based on AMP and AALT under consideration, the con-
dition 0 ≤ ai,jbj ≤ bi is satisfied. Consequently, the assumptions of Proposition 3.8 hold.
Furthermore, this setting allows for analytic expressions of ruin probabilities in both the
individual and pooled surplus models. Indeed, it is well known that when claim sizes are
Exponentially distributed, the ruin probability in the compound Poisson surplus model (2.2)
admits the closed-form expression

ψi(κi) =
λi
αici

e
−
(
αi−

λi
ci

)
κi . (3.18)

See, for example, Equation (5.3.8) in Rolski et al. (1999) or Corollary 3.2 in Asmussen and
Albrecher (2010, Chapter IV).

Likewise, when claim sizes follow a mixture of Exponential distributions, the ruin prob-
ability in the compound Poisson surplus model (3.4) is available in the closed form

ψpool−MP
1 (κ1) = 0.673e−0.341κ1 + 0.035e−1.524κ1 + 0.007e−3.626κ1 ,

ψpool−MP
2 (κ2) = 0.673e−2.726κ2 + 0.035e−12.196κ2 + 0.007e−29.007κ2 ,

ψpool−MP
3 (κ3) = 0.673e−0.454κ3 + 0.035e−2.033κ3 + 0.007e−4.835κ3 ,

for the mean-proportional linear risk sharing scheme,

ψpool−ALT
1 (κ1) = 0.677e−0.205κ1 + 0.034e−3.519κ1 + 0.002e−19.83κ1 ,

ψpool−ALT
2 (κ2) = 0.616e−2.165κ2 + 0.08e−10κ2 + 0.018e−17.597κ2 ,

ψpool−ALT
3 (κ3) = 0.686e−0.475κ3 + 0.023e−2.728κ3 + 0.005e−3.874κ3 ,

for the alternative proportional risk-sharing scheme. For the pooled fund, the ruin probability
for the compound Poisson surplus model (2.5) is given by

ψ(κ) = 0.673e−0.182κ + 0.035e−0.813κ + 0.007e−1.934κ. (3.19)

See, e.g., Equations (13.6.9)-(13.6.13) in Bowers et al. (1997).
Figure 2 displays the ruin probabilities for the pooled fund, and both the individual and

pooled surplus models, under each of the two proportional risk-sharing schemes considered
in this section for all participants in the pool. Consistent with Proposition 3.8, the ruin
probabilities associated with the pooled surplus process are lower than the corresponding
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individual ruin probabilities for every participant. The ruin probability (3.19) for the pooled
fund is also shown in Figure 2. In practice, participants may contribute different initial
reserve amounts, κi, for i = 1, 2, 3, to the pool, while the fund’s overall financial position
depends on the total amount contributed, κ = κ1 + κ2 + κ3. For example, if we know that
κ1 = 10 and κ = 20, then participants 2 and 3 may have deposited any amounts κ2 and κ3,
respectively, satisfying κ2+κ3 = 10. Although different combinations (e.g., (κ2, κ3) = (5, 5),
(8, 2), and (9.5, 0.5)) may lead to the same initial reserve of the pooled fund and hence the
same pooled-fund’s ruin probability, these combinations may result in different individual
ruin probabilities for participants 2 and 3. Thus, Figure 2 and subsequent figures provide a
way to examine the relationship between the financial position of the pooled fund and the
solvency of its individual participants.
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Figure 2: Ruin probabilities for the pooled fund, individual and pooled surplus models under
the mean-proportional

(
pool−MP

)
risk-sharing scheme and the alternative

(
pool− ALT

)
proportional risk-sharing scheme in the pool of Section 3.4.1.

3.4.2 LogNormally-distributed losses

Consider a pool of three participants (n = 3) where the claim amounts Yi,1, Yi,2, . . . are now
assumed to be independent and distributed according to the LogNormal distribution with
parameters µi and σ

2
i in Example 3.7. We consider the following parameter values:

(i) Claim frequency: λ1 = 2, λ2 = 1, and λ3 = 3,

(ii) Claim severity: µ1 = 0, µ2 = 0.5, µ3 = −0.3, and σ2
1 = σ2

2 = σ2
3 = 1.

The corresponding mean claim sizes are b1 = eµ1+
σ2
1

2 = 1.649, b2 = eµ2+
σ2
2

2 = 2.718, and

b3 = eµ3+
σ2
3

2 = 1.221. Additionally, we assume a safety loading factor of η = 2
5
. Under these

conditions, it is clear that the net profit condition (2.3) is satisfied for the three participants
in the pool. Hence, it is also satisfied for the pooled individual risk account for participant i.
In this setting, the probability density function of the random variables Zi,k, for i = 1, 2, 3,
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is given by

fZi
(z) =

1

λ•

3∑
j=1

λj
ai,j

fYj

(
z

ai,j

)
=

1

λ•

3∑
j=1

λj

zσj
√
2π
e
−

(
ln

(
z

ai,j

)
−µj

)2

2σ2
j , z > 0.

Again, we consider two different risk-sharing schemes: the mean-proportional risk-sharing
scheme and an alternative scheme defined by

AMP =



λ1e
µ1+

σ2
1

2

3∑
j=1

λje
µj+

σ2
j

2
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µ1+
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2
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λje
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2
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λje
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λje
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j
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λ3e
µ3+

σ2
3

2
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λje
µj+

σ2
j

2

λ3e
µ3+

σ2
3

2

3∑
j=1

λje
µj+

σ2
j

2



=


0.341 0.341 0.341

0.281 0.281 0.281

0.379 0.379 0.379

 ,

and

AALT =


0.400 0.300 0.317

0.374 0.300 0.183

0.226 0.400 0.500

 ,

respectively. The transfer ratios aALT
i,j have been obtained by the procedure described in

Section 3.4.1. Both risk-sharing schemes are actuarially fair.
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Figure 3: Ruin probabilities for the pooled fund, individual and pooled surplus models under
the mean-proportional

(
pool−MP

)
risk-sharing scheme and the alternative

(
pool− ALT

)
proportional risk-sharing scheme in the pool of Section 3.4.2.
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For equal σ2
i (as assumed in this section), we know from Example 3.7 that the LogNormal

distributions form a scale family with scale parameter bj = eµj+σ2/2. This restricted family
assumes that the ratio of the mean to the median claim size is equal among participants.
The condition 0 ≤ ai,jbj ≤ bi is satisfied for both risk-sharing rules under consideration.
As a result, the assumptions of Proposition 3.8 hold. Unfortunately, in contrast to Section
3.4.1, the LogNormal setting does not yield closed-form expressions for infinite-time ruin
probabilities. The representation of the infinite-time ruin probability as the survival function
of a compound Geometric sum resulting from the celebrated Pollaczek–Khinchine formula
(also referred to as Beekman’s formula in the actuarial literature) provides a practical way to
compute ψi(κi) and ψ

pool
i (κi) with the help of Panjer algorithm. See, for example, Equation

(5.3.16) in Rolski et al. (1999) or Equation (2.2) in Asmussen and Albrecher (2010, Chapter
IV).

Figure 3 presents the ruin probabilities for the pooled fund, and both the individual
and pooled surplus models under the two proportional risk-sharing schemes considered in
this example (the mean-proportional scheme and the alternative scheme) for all participants
in the pool. Consistent with Proposition 3.8, the ruin probabilities for the pooled surplus
process are lower than the corresponding individual ruin probabilities for every participant.

4 Discussions of the assumptions

Section 3 established a sufficient set of conditions under which proportional pooling reduces
the infinite-time ruin probability of every participant. The purpose of the present section
is to clarify the scope of this result by examining more closely the role of the underlying
assumptions. In particular, we discuss what may happen when Assumption 3.5 is relaxed,
so that claim severities no longer belong to a common scale family, and when Assumption
3.4 is not imposed, so that some bilateral transfers may become too large relative to the
participants’ own severity levels. These questions are important because the assumptions
of Proposition 3.8 are sufficient rather than necessary, and the following subsections are
intended to better understand both their practical meaning and their limitations.

4.1 On the scale family assumption

4.1.1 Beyond scale families

Assumption 3.5 requires the normalized severities Yi/bi to be equal in distribution across
participants. This is a convenient sufficient condition for Proposition 3.8, but it is stronger
than what is actually needed in the convex-order argument underlying the proof. The
purpose of this subsection is to identify a weaker condition that is nevertheless necessary if
one wants the key convex-order comparison to hold for all admissible proportional sharing
rules. We show that, even without assuming a common scale family, the normalized severities
must be ordered in the convex order.

To focus on the role of severities only, we consider here the case of homogeneous claim
frequencies, that is, we assume λ1 = · · · = λn = λ. For each participant i ∈ {1, . . . , n}, let
Yi ≥ 0 denote the individual claim severity, with finite mean bi = E[Yi] ∈ (0,∞). Condi-
tionally on an occurrence in the pool, the triggering participant index J is then uniformly
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distributed over {1, . . . , n}, that is,

P[J = j] =
1

n
, j = 1, . . . , n. (4.1)

Let A = (ai,j)1≤i,j≤n be a proportional sharing matrix satisfying the full-allocation prop-
erty, so that

∑n
i=1 ai,j = 1 holds for every j = 1, . . . , n. For participant i, the amount borne

at an occurrence time is
Zi := ai,JYJ . (4.2)

As in the proof of Proposition 3.8, the stand-alone benchmark can be written as

Y ′i := BiYi, (4.3)

where Bi ∼ Bernoulli(1/n) is independent of Yi.
Under homogeneous claim frequencies, actuarial fairness becomes

∑n
j=1 ai,jbj = bi, i =

1, . . . , n, and this already implies the capacity constraint ai,jbj ≤ bi, i, j = 1, . . . , n, because
all summands are non-negative. Throughout this subsection, an admissible sharing matrix
means a matrix satisfying full allocation and actuarial fairness.

We can now state the main result of this subsection. The proof of Proposition 4.1 is
provided in Appendix B.2.

Proposition 4.1. Assume that, for every admissible sharing matrix A, the convex-order
comparison

Zi ⪯CX Y
′
i holds for all i = 1, . . . , n, (4.4)

with Zi and Y
′
i defined by (4.2) and (4.3). Then, for every pair (i, j) such that bi ≤ bj,

Yj
bj

⪯CX
Yi
bi
. (4.5)

Equivalently, if b(1) ≤ · · · ≤ b(n) denote the ordered means, then

Y(n)
b(n)

⪯CX

Y(n−1)
b(n−1)

⪯CX · · · ⪯CX

Y(1)
b(1)

. (4.6)

Proposition 4.1 shows that Assumption 3.5 is not necessary in its full strength. What is
necessary, at least if one requires the convex-order comparison in the proof of Proposition
3.8 to hold for all admissible sharing rules, is the existence of a monotone convex-order
structure across normalized severities. In particular, participants with larger mean severities
must have less dispersed loss ratios Yi/bi in the convex-order sense.

This necessary condition is strictly weaker than equality in distribution of the normalized
severities. Indeed, the chain (4.6) does not imply that the variables Yi/bi are identically
distributed. Hence, it does not force a common scale family. Appendix C provides explicit

counterexamples showing that one may have (4.5) without having Y1/b1
d
= · · · d

= Yn/bn.
Conversely, if one had the reverse convex ordering as well, then equality in distribution
would follow, and one would recover the scale-family structure.
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Remark 4.2 (On heterogeneous claim frequencies). The homogeneous-frequency assumption
in Proposition 4.1 is mainly used to isolate the role of claim severities from the role of
claim frequencies. Without this assumption, the result cannot be stated only in terms of
the normalized severities Yi/bi. Indeed, the stand-alone benchmark of participant i, when
represented on the aggregate occurrence process, is a zero-inflated loss BiYi, where Bi ∼
Bernoulli(pi) with pi = λi/λ•. Hence, when the frequencies are heterogeneous, the Bernoulli
thinning probabilities differ across participants.

A partial analogue of Proposition 4.1 can nevertheless be obtained. Suppose that ad-
missible sharing matrices are required to satisfy full allocation, actuarial fairness and the
capacity constraint. Consider two participants i ̸= j such that λi ≤ λj and bi ≤ bj. Then
mi = λibi ≤ λjbj = mj. Set α = mi/mj. The two-agent transfer construction used in the
proof of Proposition 4.1 in Appendix B.2, with

ai,j = α, aj,j = 1− α, aj,i = 1, ai,i = 0,

and aℓ,ℓ = 1 for ℓ /∈ {i, j}, satisfies full allocation, actuarial fairness and the capacity con-
straint. If the convex-order comparison Zℓ ⪯CX Y

′
ℓ , ℓ = 1, . . . , n, is required to hold for every

admissible sharing matrix, then applying it to this particular matrix yields BjαYj ⪯CX BiYi,
where Bj ∼ Bernoulli(pj), Bi ∼ Bernoulli(pi), and pℓ = λℓ/λ•. Equivalently, after normal-
ization by the common mean pibi,

Bj
Yj
pjbj

⪯CX Bi
Yi
pibi

.

Thus, in the heterogeneous-frequency case, the relevant necessary condition involves frequency-
thinned normalized losses rather than the normalized severities alone. When λi = λj, this
reduces to the comparison of normalized severities appearing in Proposition 4.1. This ex-
plains why the homogeneous-frequency assumption is useful for obtaining the simple chain of
convex-order comparisons in (4.6).

4.1.2 Pooling may not benefit all participants beyond scale families

The previous subsection showed that Assumption 3.5 is stronger than necessary for the
convex-order argument underlying Proposition 3.8, since a weaker necessary condition can
still hold outside the scale-family framework. The purpose of the present subsection is
to make a different point. We provide a numerical example in which claim severities do
not belong to a common scale family and in which the conclusion of Proposition 3.8 no
longer holds uniformly across participants. More precisely, pooling may reduce the infinite-
time ruin probability for some participants while increasing it for others. Hence, outside
the scale-family setting, the ruin probabilities under stand-alone operation and under pool
participation are not necessarily uniformly comparable.

To construct this example, we build on the setting of Section 3.2.3, as the LogNormal
distributions do not form a scale family when the parameters σ2

i differ across participants.
We consider a pool of three participants (n = 3) with LogNormally-distributed losses where

(i) Claim frequency: λ1 = 1, λ2 = 1, and λ3 = 1,
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(ii) Claim severity: µ1 = −3.224, µ2 = −0.171, and µ3 = 0.288, σ2
1 = 4.615, σ2

2 = 0.342,
and σ2

3 = 0.236.

The corresponding mean claim sizes are b1 = eµ1+
σ2
1

2 = 0.4, b2 = eµ2+
σ2
2

2 = 1, and b3 =

eµ3+
σ2
3

2 = 1.5, while the corresponding variances are

σ2
Y1

=
(
eσ

2
1 − 1

)
e2µ1+σ2

1 = 16.004, σ2
Y2

=
(
eσ

2
2 − 1

)
e2µ2+σ2

2 = 0.408,

and σ2
Y3

=
(
eσ

2
3 − 1

)
e2µ3+σ2

3 = 0.598.

We report the variances as they play an important role in what follows.
Participant 1 has the smallest expected loss among the participants but a high relative

volatility, as measured by its variance-to-mean ratio,
σ2
Y1

b1
= 16.004

0.4
= 40.006. In contrast, the

other two participants are expected to experience larger losses, but their variance-to-mean

ratios,
σ2
Y2

b2
= 0.408

1
= 0.408 and

σ2
Y3

b3
= 0.598

1.5
= 0.399, are much smaller, indicating relatively

stable volatilities relative to their means.
Under these characteristics, since the standard deviation of participant 1 is much larger

than expected loss, the corresponding loss distribution is right-skewed with high tail risk.
This tendency toward large loss realizations will be crucial in what follows, as we will see
that when risk-sharing rules are not properly designed (even if they satisfy both the full-
allocation property and the actuarial-fairness condition), pooling may be detrimental to some
participants in the pool.

Additionally, we assume a safety loading factor of η = 2
5
. Under these conditions, it is

clear that the net profit condition (2.3) is satisfied for the three participants in the pool.
Hence, it is also satisfied for the pooled individual risk account for each participant.

As before, we consider the mean-proportional scheme defined by

AMP =


0.138 0.138 0.138

0.345 0.345 0.345

0.517 0.517 0.517

 .

Following the same approach as in Section 3.4.1, we also construct an alternative set of
transfer ratios. However, we choose these fractions so that participant 3 bears the majority
of the risk originating from participant 1, while still retaining most of his or her own losses.
In this sense, participant 3 is exposed both to the high volatility of losses from participant
1 and to limited risk-sharing of his or her own claims with the rest of the pool. This is
formalized by

AALT =


0.080 0.100 0.179

0.020 0.850 0.095

0.900 0.050 0.727

 .
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It can be verified that actuarial fairness holds for both the mean-proportional scheme and
the proposed alternative scheme.

Figure 4 displays the ruin probabilities for the pooled fund, and both the individual
and pooled surplus models under the two risk-sharing schemes under consideration. As
expected, participant 1 is the only member of the pool who benefits from pooling under
both schemes. This is because the corresponding stand-alone ruin probability is high, due to
the large volatility of claim sizes relative to the mean, while after pooling its ruin probability
is reduced since, under both risk-sharing rules, it retains only a small fraction of its own
losses.
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Figure 4: Ruin probabilities for the pooled fund, individual and pooled surplus models under
the mean-proportional

(
pool−MP

)
risk-sharing scheme and the alternative

(
pool− ALT

)
risk-sharing scheme in the pool of Section 4.1.2.

In contrast, participants 2 and 3 are adversely affected by pooling (under the mean-
proportional scheme in the case of participant 2, and under both the mean-proportional
and alternative schemes in the case of participant 3) as illustrated in Figures 4b and 4c.
This outcome is mainly due to the fact that these participants retain a large proportion of
their own losses while also contributing a material share to the losses incurred by the other
members of the pool.

It is worth noting that pooling remains beneficial for the most vulnerable participants,
that is, those with the lowest initial deposits (smallest κi), whereas it is not beneficial for
those with higher initial deposits. This is intuitive, since bearing a substantial fraction of
the losses incurred by participant 1 exposes participants 2 and 3 to large transfers that may
drive them to ruin even when they start from relatively strong financial positions.

4.2 Capacity constraint

In contrast with Section 4.1, where we showed that the scale loss family assumption is a
convenient sufficient condition but not a necessary one, the purpose of the present section is
to explain why the capacity constraint plays a more essential role in Proposition 3.8. More
precisely, we show that even when claim severities belong to a common scale family, and
even when the sharing rule satisfies both the full-allocation property and Assumption 3.1,
the risk-reducing effect of pooling may fail as soon as Assumption 3.4 is violated. Thus, the
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examples below are designed to isolate the specific contribution of the capacity constraint in
the ruin-probability comparison.

To illustrate this point, we consider two numerical examples with Exponentially dis-
tributed losses. The first example is constructed so that the capacity constraint fails only
for one participant, which makes it possible to identify clearly the local adverse effect of
excessive transfers on that participant’s ruin probability. The second example strengthens
this message by considering a setting in which the constraint is violated for two participants,
simultaneously. Taken together, these examples show that, without Assumption 3.4, pooling
does not necessarily improve solvency for all members of the fund, even in a setting where
the scale-family assumption is satisfied.

4.2.1 A numerical illustration with failure of the constraint for one participant

We again consider a pool of three participants (n = 3) with Exponentially-distributed losses,
specified as follows:

(i) Claim frequency: λ1 = 2, λ2 = 5, and λ3 = 40,

(ii) Claim severity: α1 =
1
10
, α2 =

1
4
, and α3 = 2.

The corresponding mean claim sizes are then b1 =
1
α1

= 10, b2 =
1
α2

= 4, and b3 =
1
α3

= 1
2
.

As in the previous section, we assume a safety loading factor of η = 2
5
and we adopt

either the mean-proportional or alternative schemes defined by

AMP =


1
3

1
3

1
3

1
3

1
3

1
3

1
3

1
3

1
3

 and AALT =


0.5 0.3 0.2

0.1 0.6 0.3

0.4 0.1 0.5

 ,

respectively.
Clearly, for participant 3, both the mean-proportional and alternative schemes violate

Assumption 3.4. Specifically,

aMP
3,1 =

1

3
≈ 0.333 >

b3
b1

=
1
2

10
= 0.05,

aMP
3,2 =

1

3
≈ 0.333 >

b3
b2

=
1
2

4
= 0.125, and

aALT
3,1 = 0.4 >

b3
b1

=
1
2

10
= 0.05.

As a result, participant 3 does not benefit from pooling, as illustrated in Figure 5.
A supplementary example analogous to that presented in Section 4.2.1, but considering

failure of constraint (3.15) for two participants, is provided in Appendix D.
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Figure 5: Ruin probabilities for the pooled fund, individual and pooled surplus models
under the mean-proportional (pool - MP) risk-sharing scheme and the alternative (pool -
ALT) proportional risk-sharing scheme in the pool of Section 4.2.1.

5 Designing transfer ratios and Pareto-efficient candi-

dates

5.1 Pareto-efficient design of transfer ratios

We now briefly discuss how the allocation matrix can be designed when several feasible
sharing rules satisfy the sufficient conditions of Proposition 3.8. The objective of this section
is not to provide a complete characterization of optimal sharing matrices, but rather to show
how the preceding constraints can be used to formulate tractable design problems for the
transfer ratios. Since improving the solvency of one participant may come at the expense of
another, a natural criterion is Pareto efficiency with respect to the vector of individual ruin
probabilities.

Let

A =

{
A ∈ [0, 1]n×n : Am = m, 1TA = 1T, 0 ≤ ai,j ≤

bi
bj
, i, j = 1, . . . , n

}
, (5.1)

where
m = (m1,m2, . . . ,mn)

T = (λ1b1, λ2b2, . . . , λnbn)
T

is the vector containing the expected losses per unit of time borne under stand-alone oper-
ation by the participants in the pool, and 1 denotes the n × 1 all-ones vector. The three
constraints defining A correspond respectively to actuarial fairness, full allocation, and the
capacity condition.

For A ∈ A, write

R(A) =
(
ψpool
1 (κ1;A), . . . , ψpool

n (κn;A)
)

for the vector of individual infinite-time ruin probabilities induced by the sharing matrix A.
A matrix A⋆ ∈ A is Pareto efficient if there is no A ∈ A such that

ψpool
i (κi;A) ≤ ψpool

i (κi;A
⋆), i = 1, . . . , n,
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with at least one strict inequality.
A standard scalarization approach consists in choosing weights w1, . . . , wn > 0, with∑n

i=1wi = 1, and solving

A⋆(w) ∈ argmin
A∈A

n∑
i=1

wiψ
pool
i (κi;A). (5.2)

Any global minimizer of (5.2), when all weights are strictly positive, is Pareto efficient.
Indeed, if such a minimizer were dominated by another feasible matrix, the weighted sum
of ruin probabilities would be strictly smaller, contradicting optimality. Conversely, with-
out additional convexity assumptions on the attainable set {R(A) : A ∈ A}, weighted-sum
scalarizations need not generate all Pareto-efficient matrices. Therefore, the optimization
problem (5.2) should be viewed as a practical way to identify Pareto-efficient candidates
rather than as a complete characterization of all efficient sharing rules.

Other scalarizations could also be considered. For instance, one may seek to maximize
the worst individual improvement,

max
A∈A

min
1≤i≤n

{
ψi(κi)− ψpool

i (κi;A)
}
,

or its relative version. We leave a systematic comparison of such design criteria for future
research.

In the following subsection, we consider an example in which the optimization problem
(5.2) admits a relatively tractable mathematical treatment, making it suitable for illustrat-
ing the proposed approach. For larger pools or more general loss distributions than those
considered in Section 5.2, solving the optimization problem generally requires numerical
methods.

5.2 Example for a pool with two participants

As previously noted in Section 3.4.1, when participants’ losses are Exponentially distributed,
the pooled ruin probabilities admit closed-form expressions. This provides a tractable base-
line for the design problem (5.2). We now illustrate this point in the simple case of a pool
with two participants.

Consider a pool of two participants, n = 2, with Exponentially distributed losses. The
claim frequency intensities are λ1 and λ2, and the claim severity rates are α1 and α2. The
corresponding mean claim sizes are b1 =

1
α1

and b2 =
1
α2
. Let

A =

(
a1,1 a1,2
a2,1 a2,2

)
. (5.3)

The actuarial fairness condition gives

λ1b1 = a1,1λ1b1 + a1,2λ2b2,⇒ a1,2 =
λ1b1
λ2b2

(1− a1,1).
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The full-allocation property gives a2,1 = 1 − a1,1 and a2,2 = 1 − a1,2. Thus, all entries of A
can be expressed in terms of a single transfer ratio a := a1,1:

A(a) =

 a
λ1b1
λ2b2

(1− a)

1− a 1− λ1b1
λ2b2

(1− a)

 . (5.4)

The requirement 0 ≤ a ≤ 1, together with actuarial fairness, full allocation, and capacity,
leads to the admissible range

max

{
0, 1− λ2b2

λ1b1
, 1− b2

b1
, 1− λ2

λ1

}
≤ a ≤ 1. (5.5)

Under (5.4), the payment borne by participant 1 at a generic pooled claim occurrence is
an Exponential mixture with probability density function given by

fZ1(z) =
1

λ•

(
α1λ1
a

exp
{
−α1

a
z
}
+

α2λ
2
2b2

λ1b1(1− a)
exp

{
− α2λ2b2
λ1b1(1− a)

z

})
, z ≥ 0.

Similarly, the density of the payment borne by participant 2 is

fZ2(z) =
1

λ•

(
α1λ1
1− a

exp

{
− α1

1− a
z

}
+

α2λ
2
2b2

λ2b2 − λ1b1(1− a)
exp

{
− α2λ2b2
λ2b2 − λ1b1(1− a)

z

})
, z ≥ 0.

The corresponding moment generating functions are

MZ1(r) =
1

λ•

(
α1λ1
α1 − ar

+
α2λ

2
2b2

α2λ2b2 − λ1b1(1− a)r

)
,

r < min

{
α1

a
,

α2λ2b2
λ1b1(1− a)

}
, (5.6)

MZ2(r) =
1

λ•

(
α1λ1

α1 − (1− a)r
+

α2λ
2
2b2

α2λ2b2 − (λ2b2 − λ1b1(1− a)) r

)
,

r < min

{
α1

1− a
,

α2λ2b2
λ2b2 − λ1b1(1− a)

}
.

Using the classical expression for the infinite-time ruin probability with a mixture of
Exponential claim sizes, see Equation (13.6.13) in Bowers et al. (1997), the ruin probabilities
can be written as finite sums of exponentials:

ψpool
i (κi;A(a)) =

2∑
k=1

Ci,k(a) exp{−ri,k(a)κi}, i = 1, 2,

where the coefficients Ci,k(a) and adjustment roots ri,k(a) are obtained by partial fraction
decomposition from MZi

. More explicitly, for participant 1, set

p =
λ1
λ•
, k1,1 =

a

α1

, k1,2 =
λ1b1(1− a)

α2λ2b2
,
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so that

E[Z1] = pk1,1 + (1− p)k1,2 =
λ1
α1λ•

.

The two roots r1,1(a) and r1,2(a) are the roots of

P1(r) = (1 + η)E[Z1](1− k1,1r)(1− k1,2r)− E[Z1] + k1,1k1,2r.

The associated constants are obtained from the residue formula. Rewriting P1(r) as follows

P1(r) = cP1,2r
2 + cP1,1r + cP1,0,

then

B1,ℓ = −η (E[Z1]− k1,1k1,2r1,ℓ)

(1 + η)P ′1(r1,ℓ)
, C1,ℓ =

B1,ℓ

r1,ℓ
, ℓ = 1, 2.
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Figure 6: Weighted-sum optimal transfer ratios a⋆ for a pool of two individuals with initial
reserves κ1 = κ2 = 3. The model parameters are η = 2/5, λ1 = 0.5, λ2 = 0.6, and
Yi,k ∼ Exponential(αi) for i = 1, 2, with α1 = 0.5 and α2 = 0.7. The optimal transfer ratios

are computed under five different weight scenarios. Plot (a) shows ψpool
1 (κ1; a1,1, a1,2) versus

ψpool
2 (κ2; a2,1, a2,2) for varying values of a, with markers indicating the weighted-sum optimal

transfer ratio a⋆ for each scenario. Plot (b) shows the objective function (5.7) as a function of
a, with markers indicating the corresponding minimizers a⋆. The cases with one zero weight
are included as single-participant benchmarks; the Pareto-efficiency interpretation applies to
minimizers obtained with strictly positive weights.

The same calculation applies to participant 2 with

k2,1 =
1− a

α1

, k2,2 =
λ2b2 − λ1b1(1− a)

α2λ2b2
, and E[Z2] =

λ2
α2λ•

.
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Consequently, in the two-participant Exponential case, the weighted-sum design problem
reduces to the one-dimensional problem

min
a

{
w1

(
C1,1(a)e

−r1,1(a)κ1 + C1,2(a)e
−r1,2(a)κ1

)
+ w2

(
C2,1(a)e

−r2,1(a)κ2 + C2,2(a)e
−r2,2(a)κ2

)}
, (5.7)

subject to the admissible range (5.5). We denote by a⋆ a global minimizer of (5.7) and refer
to it as the weighted-sum optimal transfer ratio.

Figure 6 illustrates the behavior of a⋆ under different weight scenarios. The cases w1 =
1, w2 = 0 and w1 = 0, w2 = 1 correspond to single-participant benchmark objectives, whereas
strictly positive weights correspond to genuine multi-objective scalarizations. As the relative
weight assigned to a participant increases, the optimal transfer ratio moves toward the
value that is most favorable to that participant. Figure 6a displays the attainable pairs of
ruin probabilities, while Figure 6b shows the corresponding weighted objective functions as
functions of a.

6 Conclusion

Community-based insurance schemes (CBIs) play a crucial role in many resource-constrained
communities where the availability of conventional insurance products is limited. Indeed,
CBIs are prevalent in low-income communities and serve as one of the most common mech-
anisms for mitigating risk. This article examined the benefits of joining CBIs, focusing on
whether pooling reduces individual ruin probabilities and makes participation preferable to
remaining outside these risk-sharing arrangements.

Recognizing that simple and transparent risk mitigation strategies are essential in com-
munities of this kind, this article focuses on CBIs with linear risk-sharing rules, in which
each participant contributes a fraction of the loss suffered by the pool at the time it occurs.
Such rules are widely regarded as easier to interpret and implement in practice, making them
a natural choice for reducing complexity while enhancing understanding and trust among
community members.

The analysis developed in this paper shows that proportional risk sharing at claim occur-
rence time can reduce the infinite-time ruin probability of every participant in a community-
based insurance pool, provided that the allocation rule satisfies full allocation, actuarial
fairness, and the capacity constraint, and that claim severities belong to a common scale
family. Under these assumptions, pooling improves individual solvency not by lowering the
expected loss borne by each participant, but by reducing the dispersion of the claim stream
faced inside the pool. In this sense, the benefit of participation comes from a genuine risk-
pooling effect. The numerical illustrations confirm this theoretical result, while the discussion
in Section 4 clarifies its scope by showing, on the one hand, that the scale-family assumption
is sufficient but not necessary in full strength and, on the other hand, that violations of
the capacity constraint may destroy the uniform ruin-reduction effect. Overall, the paper
highlights that transparent linear sharing rules can improve individual solvency, but only
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when they are designed so as to balance fairness and protection against excessive bilateral
transfers.

It is important to acknowledge some limitations of our study. In its current form, the
conditions under which contributions keep the CBI beneficial are identified only when indi-
vidual losses belong to the same scale family. Furthermore, individual accounts are modeled
using the simplest form of the classical Cramér–Lundberg risk process. Alternative models,
such as those discussed by Asmussen and Albrecher (2010) and Mandjes and Boxma (2023)
may offer a more realistic representation and yield additional insights in specific situations.

One of the drawbacks of the model introduced in Section 2 is the assumption of indepen-
dent compound Poisson processes across participants in the pool. In practice, community
members are typically exposed to risks exhibiting a certain degree of dependence. In Ap-
pendix A, we introduce a common-shock model that reduces to some extent the limitations
of this assumption. The main results of this paper are extended to this particular depen-
dence setting. Despite the independence assumption, the model introduced in Section 2
captures the key features of the risk-sharing mechanism and provides valuable insights into
its implications.

In addition to finite-time ruin probabilities, an important avenue for future research would
be to assess the effect of pooling on other risk measures commonly studied in the classical
Cramér–Lundberg risk process. These include the time to ruin, the surplus immediately
prior to ruin, the severity of ruin, the time in red (the time spent below zero from the first
ruin to the first time the surplus trajectory upcrosses the level zero) and the amount of the
claim causing ruin (see Gerber et al. (1987), Dufresne and Gerber (1988), Eǵıdio dos Reis
(1993), Picard (1994), Gerber and Shiu (1998) and Loisel (2005) for instance).

Finally, future research could also explore subsidized CBIs through the lens of ruin theory
(see, e.g., Flores-Contró et al. (2025)), to assess how subsidies affect both the benefits and
the conditions governing contributions. This is particularly relevant given that, over the
past decades, governments in many countries have promoted CBIs and fostered community
participation through subsidies. See Zhang and Wang (2008) for an example of a subsidized
community-based health insurance (CBHI) scheme in China and Parmar et al. (2012) for
another example in Burkina Faso, where a subsidy of 50% of the premium is offered to poor
households.

Github repository

A repository containing the R scripts used to generate the numerical illustrations presented
in this paper is available on GitHub at: https://github.com/josemiguelflorescontrou
clouvain/CommunityBasedInsuranceintheCompoundPoissonSurplusModel.git.
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Appendices

A Incorporating dependence through proportional common shocks

The purpose of this appendix is to discuss a simple extension of the model in Section 2
in which the individual risk processes are no longer mutually independent. The depen-
dence is introduced through a common-shock component affecting all members of the pool
simultaneously. The model is deliberately kept close to the scale-family framework used in
Proposition 3.8, in order to show that the ruin-reducing effect of proportional pooling can
still be obtained under a specific form of dependence.

A.1 Individual accounts with proportional common shocks

Let {Ni,t, t ≥ 0}, i = 1, . . . , n, be the idiosyncratic claim-counting processes introduced
in Section 2. In addition, let {Pt, t ≥ 0}, be a Poisson process with intensity λcs > 0,
independent of the idiosyncratic counting processes. The process {Pt, t ≥ 0} records the
occurrence times of systemic events affecting the whole community.

We assume that idiosyncratic losses belong to a common scale family. More precisely,
there exists a non-negative random variable W such that E[W ] = 1 and

Yi,k
d
= biWi,k, i = 1, . . . , n, k ≥ 1, (A.1.1)

where Wi,k are independent copies of W .
For the systemic component, we assume that all participants are hit by the same under-

lying shock, but with participant-specific exposure coefficients. Thus, at the occurrence time
of the kth systemic event, participant i suffers the loss

Y cs
i,k = bcsi W

cs
k , i = 1, . . . , n, k ≥ 1, (A.1.2)

where bcsi > 0 is the systemic exposure of participant i, and where W cs
1 ,W

cs
2 , . . . are indepen-

dent copies of a non-negative random variable W cs satisfying E[W cs] = 1. In the most direct
scale-family extension of Proposition 3.8, one may take

W cs d
= W.

This means that idiosyncratic and systemic claim severities have the same normalized shape,
while their magnitudes differ through scale parameters only.

Under this common-shock model, the cumulative claim amount reported by participant
i up to time t is

Scs
i,t =

Ni,t∑
k=1

Yi,k +
Pt∑
k=1

Y cs
i,k, t ≥ 0. (A.1.3)

The corresponding stand-alone surplus process is

V cs
i,t = ccsi t− Scs

i,t + κi, t ≥ 0, (A.1.4)
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where

ccsi = (1 + η)E[Scs
i,1] = (1 + η) (λibi + λcsbcsi ) , η > 0. (A.1.5)

The processes {Scs
i,t, t ≥ 0} are dependent because they share the same systemic counting

process {Pt, t ≥ 0} and the same systemic shock sizes W cs
k . For instance, if N cs

i,t = Ni,t + Pt

denotes the total number of claim occurrences affecting participant i, then

Corr
[
N cs

i,t, N
cs
j,t

]
=

λcs√
λi + λcs

√
λj + λcs

, i ̸= j.

This is a standard common-shock source of dependence across participants.

A.2 Pooled fund and occurrence-time representation

Let

λ• =
n∑

j=1

λj, Λ = λ• + λcs.

The total occurrence process at the pool level is

N cs
t =

n∑
j=1

Nj,t + Pt, t ≥ 0,

which is a Poisson process with intensity Λ. Let

T cs
k = inf{t ≥ 0 : N cs

t = k}

be the kth occurrence time at the pool level.
At each occurrence time, the triggering event is either an idiosyncratic claim from one

participant or a systemic event affecting all participants. Let

Ics0,k, I
cs
1,k, . . . , I

cs
n,k

be the corresponding indicators, where Ics0,k = 1 means that the kth occurrence is systemic,
while Icsj,k = 1 means that it is an idiosyncratic claim generated by participant j. Thus,
exactly one of these indicators is equal to one, and

P[Icsj,k = 1] =
λj
Λ
, j = 1, . . . , n, P[Ics0,k = 1] =

λcs

Λ
.

The aggregate claim amount at the kth occurrence time is then

Xcs
k =

n∑
j=1

Icsj,kYj,Nj,Tcs
k
+ Ics0,k

n∑
j=1

bcsj W
cs
PTcs

k

. (A.2.1)

Consequently,
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Scs
t =

n∑
j=1

Scs
j,t

d
=

Ncs
t∑

k=1

Xcs
k , t ≥ 0.

The aggregate surplus process of the pooled fund is therefore

V cs
t = ccst− Scs

t + κ, ccs =
n∑

i=1

ccsi , κ =
n∑

i=1

κi. (A.2.2)

A.3 Proportional sharing under common shocks

Let A = (ai,j)1≤i,j≤n be the allocation matrix introduced in Section 3. If the kth occurrence
is an idiosyncratic claim generated by participant j, then participant i pays the amount
ai,jYj,Nj,Tcs

k
.

If the kth occurrence is systemic, the original systemic loss profile is

(bcs1 , . . . , b
cs
n )W

cs
PTcs

k

,

and the proportional sharing rule allocates to participant i the amount

n∑
j=1

ai,jb
cs
j W

cs
PTcs

k

.

Thus, the payment borne by participant i at the kth occurrence time is

Zcs
i,k =

n∑
j=1

Icsj,kai,jYj,Nj,Tcs
k
+ Ics0,k

(
n∑

j=1

ai,jb
cs
j

)
W cs

PTcs
k

. (A.3.1)

The cumulative claim amount allocated to participant i after pooling is

Scs−pool
i,t =

Ncs
t∑

k=1

Zcs
i,k, t ≥ 0,

and the corresponding surplus process is

V cs−pool
i,t = ccsi t− Scs−pool

i,t + κi, t ≥ 0. (A.3.2)

We impose the following conditions on the allocation matrix. First, the full-allocation
condition is

n∑
i=1

ai,j = 1, j = 1, . . . , n. (A.3.3)

Second, the idiosyncratic part is actuarially fair:

n∑
j=1

λjai,jbj = λibi, i = 1, . . . , n. (A.3.4)
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Third, the usual capacity constraint is imposed on idiosyncratic transfers:

ai,jbj ≤ bi, i, j = 1, . . . , n. (A.3.5)

Finally, we assume that the allocation matrix preserves each participant’s systemic exposure:

n∑
j=1

ai,jb
cs
j = bcsi , i = 1, . . . , n. (A.3.6)

Equivalently, with bcs = (bcs1 , . . . , b
cs
n )
⊤, condition (A.3.6) reads

Abcs = bcs.

This condition means that the proportional sharing rule redistributes idiosyncratic losses,
while it does not alter the systemic exposure borne by each participant. Under (A.3.4) and
(A.3.6), the expected loss rate borne by participant i is unchanged by pooling:

n∑
j=1

λjai,jbj + λcs
n∑

j=1

ai,jb
cs
j = λibi + λcsbcsi .

A.4 Ruin comparison

Define the infinite-time ruin probabilities

ψcs
i (κi) = P

[
inf
t≥0

V cs
i,t < 0 | V cs

i,0 = κi

]
,

and

ψcs−pool
i (κi) = P

[
inf
t≥0

V cs−pool
i,t < 0 | V cs−pool

i,0 = κi

]
.

The following result shows the effect of the systematic risk on ruin probabilities.

Proposition A.1. Assume that (A.1.1)–(A.1.2) hold. Suppose moreover that the allocation
matrix A satisfies the full-allocation condition (A.3.3), the idiosyncratic actuarial-fairness
condition (A.3.4), the capacity constraint (A.3.5), and the systemic-exposure preservation
condition (A.3.6). Then, for every participant i = 1, . . . , n and every initial reserve κi ≥ 0,

ψcs−pool
i (κi) ≤ ψcs

i (κi).

Proof. Fix i ∈ 1, . . . , n. We represent both the stand-alone and pooled models on the same
occurrence process N cs

t , t ≥ 0, with intensity Λ = λ• + λcs.
For the stand-alone model, define the claim amount borne by participant i at a generic

occurrence time as

Ỹ cs
i =


biW, with probability λi/Λ,

bcsi W
cs, with probability λcs/Λ,

0, with probability (λ• − λi)/Λ.
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Then,

Scs
i,t

d
=

Ncs
t∑

k=1

Ỹ cs
i,k,

where Ỹ cs
i,1, Ỹ

cs
i,2, . . . are independent copies of Ỹ cs

i .
For the pooled model, the claim amount borne by participant i at a generic occurrence

time is distributed as

Zcs
i =

{
ai,jbjW, with probability λj/Λ, j = 1, . . . , n,(∑n

j=1 ai,jb
cs
j

)
W cs, with probability λcs/Λ.

Using (A.3.6), this becomes

Zcs
i =

{
ai,jbjW, with probability λj/Λ, j = 1, . . . , n,

bcsi W
cs, with probability λcs/Λ.

Moreover, by (A.3.4),

E[Zcs
i ] =

1

Λ

n∑
j=1

λjai,jbj +
λcs

Λ
bcsi =

λibi + λcsbcsi
Λ

= E[Ỹ cs
i ].

We now prove that Zcs
i ⪯CX Ỹ

cs
i . Let g be any convex function for which the expectations

below exist. Using the capacity condition (A.3.5), we have, for every j = 1, . . . , n,

0 ≤ ai,jbj
bi

≤ 1.

Hence, by convexity of g,

E[g(ai,jbjW )] ≤
(
1− ai,jbj

bi

)
g(0) +

ai,jbj
bi

E[g(biW )].

Therefore,

E[g(Zcs
i )] =

n∑
j=1

λj
Λ
E[g(ai,jbjW )] +

λcs

Λ
E[g(bcsi W

cs)]

≤ g(0)
n∑

j=1

λj
Λ

(
1− ai,jbj

bi

)

+ E[g(biW )]
n∑

j=1

λj
Λ

ai,jbj
bi

+
λcs

Λ
E[g(bcsi W

cs)] .

By (A.3.4),
n∑

j=1

λj
Λ

ai,jbj
bi

=
λi
Λ
.
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It follows that

E[g(Zcs
i )] ≤

λ• − λi
Λ

g(0) +
λi
Λ
E[g(biW )] +

λcs

Λ
E[g(bcsi W

cs)]

= E[g(Ỹ cs
i )].

Since the two random variables have the same mean, this proves that Zcs
i ⪯CX Ỹ cs

i holds
true.

The stand-alone and pooled surplus processes of participant i have the same premium rate
ccsi , the same claim-arrival intensity Λ, and claim severities ordered in the convex order. The
standard ruin-probability comparison theorem for the Cramér–Lundberg model therefore
gives

ψcs−pool
i (κi) ≤ ψcs

i (κi), κi ≥ 0.

This completes the proof.

Remark A.2. The assumption Abcs = bcs is essential in the above argument. It prevents
the sharing rule from increasing the systemic exposure borne by some participants. If this
condition is relaxed, the pooled systemic payment of participant i becomes(

n∑
j=1

ai,jb
cs
j

)
W cs,

which need not be smaller than bcsi W
cs in convex order. In that case, equality of total expected

losses alone is not sufficient to guarantee a reduction of individual ruin probabilities.

Remark A.3. A simple case in which Abcs = bcs is automatically satisfied is obtained when
the systemic exposure vector bcs is proportional to the idiosyncratic expected-loss vector

m = (λ1b1, . . . , λnbn)
⊤.

Indeed, if bcs = ρm for some ρ > 0, then the idiosyncratic actuarial-fairness condition Am =
m implies Abcs = bcs. In particular, when claim frequencies are homogeneous, this condition
reduces to the more transparent requirement that systemic exposures are proportional to the
mean idiosyncratic claim severities.

B Mathematical Proofs

B.1 Proof of Proposition 3.8

Proof. Fix i ∈ {1, . . . , n}. We first rewrite the stand-alone loss process of participant i using
the aggregate occurrence process {Nt, t ≥ 0} introduced in Section 2. Let Y ′i,1, Y

′
i,2, . . . be

independent and identically distributed random variables such that

P
[
Y ′i,1 = 0

]
= 1− λi

λ•
, P

[
Y ′i,1 > y

]
=
λi
λ•

(
1− FYi

(y)
)
, y ≥ 0. (B.1.1)
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Define

S ′i,t =
Nt∑
k=1

Y ′i,k, t ≥ 0. (B.1.2)

By the classical thinning property of independent Poisson processes, {Si,t, t ≥ 0} d
= {S ′i,t, t ≥

0}. Hence, the stand-alone and pooled models can be represented on the same aggregate
arrival process {Nt, t ≥ 0}.

Under Assumption 3.5, we have Yi,k
d
= biW , where W ≥ 0 and E[W ] = 1. Therefore,

Y ′i,1
d
=

{
0, with probability 1− λi/λ•,

biW, with probability λi/λ•.

In particular, E[Y ′i,1] =
λi

λ•
bi.

On the pooled side, the payment borne by participant i at the kth occurrence time is
Zi,k =

∑n
j=1 Zi,j,k, and, conditionally on the event that the triggering claim comes from

participant j, one has

Zi,k
d
= ai,jYj,1.

Using again Assumption 3.5, it follows that

Zi,k
d
= ai,JkbJkW,

where Jk defined in (3.3) is the index of the participant generating the kth claim. Hence,

E[Zi,k] =
∑n

j=1
λj

λ•
ai,jbj. By Assumption 3.1, we get from (3.7) that

E[Zi,k] =
λi
λ•
bi = E[Y ′i,1].

We now prove that Zi,k ⪯CX Y
′
i,k. Let g be any convex function such that the expectations

below exist. Then

E[g(Zi,k)] =
n∑

j=1

λj
λ•

E[g(ai,jbjW )] .

By Assumption 3.4, we have

0 ≤ ai,jbj
bi

≤ 1, j = 1, . . . , n.

Therefore, for each j,

ai,jbjW =

(
1− ai,jbj

bi

)
· 0 + ai,jbj

bi
(biW ),

and convexity of g yields

E[g(ai,jbjW )] ≤
(
1− ai,jbj

bi

)
g(0) +

ai,jbj
bi

E[g(biW )].
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Summing over j gives

E[g(Zi,k)] ≤
n∑

j=1

λj
λ•

((
1− ai,jbj

bi

)
g(0) +

ai,jbj
bi

E[g(biW )]

)

= g(0)
n∑

j=1

λj
λ•

(
1− ai,jbj

bi

)
+ E[g(biW )]

n∑
j=1

λj
λ•

ai,jbj
bi

.

Using (3.7), we obtain

n∑
j=1

λj
λ•

ai,jbj
bi

=
1

λ•bi

n∑
j=1

λjai,jbj =
λi
λ•
.

Consequently,

E[g(Zi,k)] ≤
(
1− λi

λ•

)
g(0) +

λi
λ•

E[g(biW )] = E[g(Y ′i,1)].

Since we already proved that E[Zi,k] = E[Y ′i,1], this shows that Zi,k ⪯CX Y
′
i,1.

Now consider the surplus process

Ṽi,t = cit− S ′i,t + κi, t ≥ 0.

Because {Si,t, t ≥ 0} d
= {S ′i,t, t ≥ 0}, the ruin probability associated with Ṽi,t is exactly

ψi(κi). Considering V pool
i,t , both models have the same premium rate ci, the same claim

arrival intensity λ•, and claim severities ordered by convex order. Therefore, Proposition 8.2
in Asmussen and Albrecher (2010) implies that the inequality ψpool

i (κi) ≤ ψi(κi) holds true,
as announced. This ends the proof.

Remark B.1. Notice that the proof also yields a pointwise convex-order comparison at claim
occurrence times. Indeed, by closure of the convex order under convolution, for every k ≥ 1,

k∑
ℓ=1

Zi,ℓ ⪯CX

k∑
ℓ=1

Y ′i,ℓ.

Thus, after any fixed number of aggregate claim occurrences, the total amount borne by par-
ticipant i inside the pool is less dispersed, in the convex-order sense, than the corresponding
stand-alone amount.

B.2 Proof of Proposition 4.1

Proof. Fix two distinct participants i ̸= j such that bi ≤ bj, and set α := bi
bj

∈ (0, 1]. Consider

the matrix A(i←j) defined by

ai,j = α, aj,j = 1− α, aj,i = 1, ai,i = 0, aℓ,ℓ = 1 for ℓ /∈ {i, j}, (B.2.1)

and all other entries equal to 0.
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Let us first check that A(i←j) is admissible. Full allocation is immediate. Actuarial
fairness also holds. For row i, one has

n∑
k=1

ai,kbk = ai,jbj = αbj = bi.

For row j,
n∑

k=1

aj,kbk = aj,ibi + aj,jbj = bi + (1− α)bj = bi + bj − bi = bj.

For every ℓ /∈ {i, j}, fairness is trivial since aℓ,ℓ = 1. Because claim frequencies are homoge-
neous, admissibility also implies the capacity constraint.

Under the sharing rule A(i←j), participant i pays

Zi =

{
αYj, if J = j,

0, otherwise.

Thus,

Zi
d
= B̃ αYj, (B.2.2)

where B̃ ∼ Bernoulli(1/n) and B̃ is independent of Yj. On the other hand,

Y ′i
d
= BiYi, Bi ∼ Bernoulli(1/n),

with Bi independent of Yi.
By assumption, (4.4) holds for this admissible matrix, so that

B̃ αYj ⪯CX BiYi.

Now, for every convex function φ for which the expectations exist,

E[φ(B̃ αYj)] =

(
1− 1

n

)
φ(0) +

1

n
E[φ(αYj)],

and similarly,

E[φ(BiYi)] =

(
1− 1

n

)
φ(0) +

1

n
E[φ(Yi)].

Therefore,
B̃ αYj ⪯CX BiYi ⇔ αYj ⪯CX Yi.

Since
E[αYj] = αbj = bi = E[Yi],

we conclude that αYj ⪯CX Yi. Dividing both sides by bi yields
Yj

bj
⪯CX

Yi

bi
, which proves (4.5).

The chain (4.6) follows by ordering the participants according to their means.
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C Examples illustrating the role of Assumption 3.5

C.1 An example with random and constant stand-alone losses for n = 2

We now exhibit an explicit example (for n = 2) in which the stand-alone loss is random
for one participant while it is constant for the other. This example shows that even when
capacity and actuarial fairness are satisfied and both convex-order constraints Z1 ⪯CX Y ′1
and Z2 ⪯CX Y

′
2 are fulfilled, the severities need not form a common scale family.

Consider

Y2 ≡ 2, and Y1 =

{
0, with probability 1/2,

2, with probability 1/2.
(C.1.1)

Then, b2 = E[Y2] = 2 and b1 = E[Y1] = 1. Hence, the normalized severities differ: Y2/b2 ≡ 1
is constant whereas Y1/b1 = Y1 is non-degenerate, so there is no common scale family.

Define the sharing matrix

A =

(
a1,1 a1,2
a2,1 a2,2

)
=

(
0 1/2
1 1/2

)
. (C.1.2)

This matrix satisfies the full-allocation, actuarial-fairness and capacity constraints used in
Proposition 3.8, although the scale-family assumption itself is not fulfilled. Indeed, full
allocation obviously holds (each column of A sums to 1). Capacity is valid since a1,2b2 =
(1/2) · 2 = 1 = b1 and a2,1b1 = 1 · 1 = 1 ≤ 2 = b2. Actuarial fairness is also satisfied because
a1,1b1 + a1,2b2 = 0 · 1 + (1/2) · 2 = 1 = b1 and a2,1b1 + a2,2b2 = 1 · 1 + (1/2) · 2 = 2 = b2.

The reasoning proceeds in 3 steps:

Step 1: compute Z1, Z2. If J = 1, then (Z1, Z2) = (0, Y1). If J = 2, then (Z1, Z2) =
((1/2)Y2, (1/2)Y2) = (1, 1) since Y2 ≡ 2. Therefore,

Z1 =

{
0, with probability 1/2,

1, with probability 1/2,
and Z2 =

{
Y1, with probability 1/2,

1, with probability 1/2.
(C.1.3)

It follows that

P[Z2 = 0] = 1/4, P[Z2 = 1] = 1/2, and P[Z2 = 2] = 1/4. (C.1.4)

Step 2: compute Y ′1 , Y
′
2 . Here Y

′
i = BiYi with Bi ∼ Bernoulli(1/2). Thus

Y ′1 =

{
0, with probability 3/4,

2, with probability 1/4,
Y ′2 =

{
0, with probability 1/2,

2, with probability 1/2.
(C.1.5)

Step 3: verify Z1 ⪯CX Y ′1 and Z2 ⪯CX Y ′2 (via stop-loss transforms). For integrable
non-negative random variables, X ⪯CX Y is equivalent to equality of means and the stop-loss
inequalities E[(X − t)+] ≤ E[(Y − t)+] for all t ≥ 0. We check this criterion.

(i) Z1 ⪯CX Y
′
1 . Both means are 1/2. For t ∈ [0, 1], E[(Z1 − t)+] =

1
2
(1− t), and for t ≥ 1 it

is 0. For Y ′1 , for t ∈ [0, 2], E[(Y ′1 − t)+] =
1
4
(2 − t), and for t ≥ 2 it is 0. One checks that

1
2
(1− t) ≤ 1

4
(2− t) for t ∈ [0, 1] and also 0 ≤ 1

4
(2− t) for t ∈ [1, 2]. Hence, Z1 ⪯CX Y

′
1 .
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(ii) Z2 ⪯CX Y
′
2 . Both means equal 1. For t ∈ [0, 1], using (C.1.4),

E[(Z2 − t)+] =
1

2
(1− t) +

1

4
(2− t) = 1− 3

4
t.

For t ∈ [1, 2], E[(Z2 − t)+] = 1
4
(2 − t), and it is 0 for t ≥ 2. For Y ′2 , for t ∈ [0, 2],

E[(Y ′2 − t)+] =
1
2
(2− t) = 1− 1

2
t, and it is 0 for t ≥ 2. Thus, for t ∈ [0, 1], 1− 3

4
t ≤ 1− 1

2
t,

and for t ∈ [1, 2], 1
4
(2− t) ≤ 1

2
(2− t). Hence, Z2 ⪯CX Y

′
2 .

In conclusion, all constraints are fulfilled and both convex-order inequalities are satisfied,
yet (Y1, Y2) do not belong to a common scale family.

C.2 An example with random stand-alone losses for n = 2

We now provide an example in which the stand-alone losses are random for each participant.
Under this setting, as in the previous case, even when capacity, actuarial fairness and both
convex-order constraints Z1 ⪯CX Y

′
1 and Z2 ⪯CX Y

′
2 are fulfilled, the severities need not form

a common scale family.
Consider the random variables

Y1 =


0, with probability 1/3,

100, with probability 1/3,

200, with probability 1/3,

and Y2 =


0, with probability 1/3,

150, with probability 1/3,

400, with probability 1/3.

(C.2.1)

Hence, we have that b1 = E[Y1] = 100 and b2 = E[Y2] = 183.333. Thus, the normalized
severities differ: Y1/b1 = Y1/100 whereas Y2/b2 = Y2/183.333. Therefore, there is no common
scale family.

Furthermore, let us define the sharing matrix

A =

(
a1,1 a1,2
a2,1 a2,2

)
=

(
1/2 0.273
1/2 0.727

)
, (C.2.2)

which clearly fulfills the full-allocation, actuarial-fairness and capacity constraints used in
Proposition 3.8, although the scale-family assumption itself is not fulfilled. That is, full
allocation holds since each column ofA sums to 1, while the capacity constraints are satisfied
because a1,2b2 = (0.273) · 183.333 = 50.05 < 100 = b1 and a2,1b1 = (1/2) · 100 = 50 <
183.333 = b2. Moreover, actuarial fairness is also satisfied: a1,1b1 + a1,2b2 = (1/2) · 100 +
0.273 · 183.333 = 100 = b1 and a2,1b1 + a2,2b2 = (1/2) · 100 + 0.727 · 183.333 = 183.333 = b2.

Our reasoning follows that of the previous example:

Step 1: compute Z1, Z2. If J = 1, then (Z1, Z2) = ((1/2)Y1, (1/2)Y1). If J = 2, then
(Z1, Z2) = (0.273Y2, 0.727Y2). Therefore,

Z1 =

{
(1/2)Y1, with probability 1/2,

0.273Y2, with probability 1/2,
and Z2 =

{
(1/2)Y1, with probability 1/2,

0.727Y2, with probability 1/2.

(C.2.3)

45



It follows that

P[Z1 = 0] = 1/3, P[Z1 = 50] = 1/6, P[Z1 = 100] = 1/6, P[Z1 = 40.909] = 1/6,

P[Z1 = 109.091] = 1/6, P[Z2 = 0] = 1/3, P[Z2 = 50] = 1/6, P[Z2 = 100] = 1/6,

P[Z2 = 109.091] = 1/6, and P[Z2 = 290.909] = 1/6. (C.2.4)

Step 2: compute Y ′1 , Y
′
2 . Here Y

′
i = BiYi with Bi ∼ Bernoulli(1/2). Thus

Y ′1 =


0, with probability 2/3,

100, with probability 1/6,

200, with probability 1/6.

Y ′2 =


0, with probability 2/3,

150, with probability 1/6,

400, with probability 1/6.

(C.2.5)

Step 3: verify Z1 ⪯CX Y ′1 and Z2 ⪯CX Y ′2 (via stop-loss transforms). We check the
stop-loss criterion.

(i) Z1 ⪯CX Y
′
1 . Both means are 50. Using (C.2.4), it yields

E[(Z1 − t)+] =


1
6
(190.909− 3t) , for 0 ≤ t < 40.909,

1
6
(150− 2t) , for 40.909 ≤ t < 50,

1
6
(100− t) , for 50 ≤ t < 100,

0, for 100 ≤ t.

On the other hand, for Y ′1 , it yields,

E[(Y ′1 − t)+] =


1
6
(300− 2t) , for 0 ≤ t < 100,

1
6
(200− t) , for 100 ≤ t < 200,

0, for 200 ≤ t.

One checks that E[(Z1 − t)+] ≤ E[(Y ′1 − t)+] for t ∈ [0,∞). Hence, Z1 ⪯CX Y
′
1 .

(ii) Z2 ⪯CX Y
′
2 . Both means equal 91.667. Using (C.2.4), it yields

E[(Z2 − t)+] =



1
6
(550− 4t) , for 0 ≤ t < 50,

1
6
(500− 3t) , for 50 ≤ t < 100,

1
6
(400− 2t) , for 100 ≤ t < 109.091,

1
6
(290.909− t) , for 109.091 ≤ t < 290.909,

0, for 290.909 ≤ t.

For Y ′2 , we have the following,

E[(Y ′2 − t)+] =


1
6
(550− 2t) , for 0 ≤ t < 150,

1
6
(400− t) , for 150 ≤ t < 400,

0, for 400 ≤ t.

One checks that E[(Z2 − t)+] ≤ E[(Y ′2 − t)+] for t ∈ [0,∞). Hence, Z2 ⪯CX Y
′
2 .

Thus, we conclude that all constraints are fulfilled and both convex-order inequalities are
satisfied, yet (Y1, Y2) do not belong to a common scale family.
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C.3 An example with continuous random stand-alone losses for n = 2

We now provide an example in which the stand-alone losses are continuous random variables
for each participant. Under this setting, as in the two previous cases, even when capacity,
actuarial fairness and both convex-order constraints Z1 ⪯CX Y

′
1 and Z2 ⪯CX Y

′
2 are fulfilled,

the severities need not form a common scale family.
Let Y1 and Y2 be continuous random variables with probability density functions

fY1(y) =

{
1

100
, for 0 ≤ y ≤ 100,

0, otherwise,
and fY2(y) =

{
2(100−y)
10000

, for 0 ≤ y ≤ 100,

0, otherwise,
(C.3.1)

respectively. Specifically, let Y1 ∼ Uniform (0, 100) and let Y2 follow a left-triangular distribu-
tion on (0, 100). Hence, we have that b1 = E[Y1] =

100
2

= 50 and b2 = E[Y2] =
100
3

= 33.333.
Thus, the normalized severities differ: Y1/b1 = Y1/50 whereas Y2/b2 = 3

100
Y2. Therefore,

there is no common scale family.
Furthermore, let us define the sharing matrix

A =

(
a1,1 a1,2
a2,1 a2,2

)
=

(
0.6 0.6
0.4 0.4

)
, (C.3.2)

which clearly fulfills the full-allocation, actuarial-fairness and capacity constraints used in
Proposition 3.8, although the scale-family assumption itself is not fulfilled. That is, full
allocation holds since each column ofA sums to 1, while the capacity constraints are satisfied
because a1,2b2 = 0.6 ·

(
100
3

)
= 20 < 50 = b1 and a2,1b1 = 0.4 · 50 = 20 < 100

3
= 33.333 = b2.

Moreover, actuarial fairness is also satisfied: a1,1b1 + a1,2b2 = 0.6 · 50 + 0.6 ·
(
100
3

)
= 50 = b1

and a2,1b1 + a2,2b2 = 0.4 · 50 + 0.4 ·
(
100
3

)
= 100

3
= 33.333 = b2.

Our reasoning is similar to that of the previous examples:

Step 1: derive the survival functions of Z1, Z2.

FZ1(z) := P[Z1 > z] =

{
1
2

(
1− z

60
+
(
1− z

60

)2)
, for 0 ≤ z ≤ 60,

0, otherwise,
(C.3.3)

and

FZ2(z) := P[Z2 > z] =

{
1
2

(
1− z

40
+
(
1− z

40

)2)
, for 0 ≤ z ≤ 40,

0, otherwise.
(C.3.4)

Step 2: derive the survival functions of Y ′1 , Y
′
2 .

F Y ′
1
(y) := P[Y ′1 > y] =

{
1
2

(
1− y

100

)
, for 0 ≤ y ≤ 100,

0, otherwise,
(C.3.5)

and

F Y ′
2
(y) := P[Y ′2 > y] =

{
1
2

(
1− y

100

)2
, for 0 ≤ y ≤ 100,

0, otherwise.
(C.3.6)
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Step 3: verify Z1 ⪯CX Y ′1 and Z2 ⪯CX Y ′2 (via stop-loss transforms). Recall that
the stop-loss transform of an integrable non-negative random variable X can be obtained as
the integral of its survival function FX(x) := P[X > x] from t to infinity: E [(X − t)+] =∫∞
t
FX(x)dx. We now check the stop-loss criterion.

(i) Z1 ⪯CX Y
′
1 . Both means are 25. Using (C.3.3) and (C.3.5), for 60 ≤ t ≤ 100 it yields

E [(Y ′1 − t)+]− E [(Z1 − t)+] =

∫ 100

t

(
F Y ′

1
(x)− FZ1(x)

)
dx =

(100− t)2

400
≥ 0. (C.3.7)

Similarly, for 0 ≤ t < 60, it yields

E [(Y ′1 − t)+]− E [(Z1 − t)+] =

∫ 60

t

(
F Y ′

1
(x)− FZ1(x)

)
dx =

t

21600

(
t2 − 216t+ 10800

)
≥ 0.

(C.3.8)
The last inequality follows from the fact that ν1(t) :=

t
21600

≥ 0 for 0 ≤ t < 60. Moreover,
φ1(t) := t2−216t+10800 is an upward-opening parabola with vertex at t = 216

2
= 108, which

lies outside the interval [0, 60). Therefore, φ1(t) is strictly decreasing on 0 ≤ t < 60, and
its minimum over this interval is attained at the right endpoint: φ1(60) = (60)2 − 216(60) +
10800 = 1440 > 0. Hence, both ν1(t) and φ1(t) are non-negative on [0, 60), implying that
their product is also non-negative. Thus, we conclude Z1 ⪯CX Y

′
1 .

(ii) Z2 ⪯CX Y
′
2 . Both means are 16.667. Using (C.3.4) and (C.3.6), for 40 ≤ t ≤ 100 it yields

E [(Y ′2 − t)+]− E [(Z2 − t)+] =

∫ 100

t

(
F Y ′

2
(x)− FZ2(x)

)
dx =

50

3

(
1− t

100

)3

≥ 0. (C.3.9)

Then, for 0 ≤ t < 40, it yields

E [(Y ′2 − t)+]− E [(Z2 − t)+] =

∫ 40

t

(
F Y ′

2
(x)− FZ2(x)

)
dx

=
t

80000

(
7t2 − 1100t+ 40000

)
≥ 0.

(C.3.10)

Again, the last inequality follows from the fact that ν2(t) :=
t

80000
≥ 0 for 0 ≤ t < 40.

Furthermore, φ2(t) := 7t2 − 1100t + 40000 is an upward-opening parabola with vertex at
t = 1100

14
= 78.571, which lies outside the interval [0, 40). Thus, φ2(t) is strictly decreasing on

0 ≤ t < 40, and its minimum over this interval is attained at the right endpoint: φ2(40) =
7(40)2 − 1100(40) + 40000 = 7200 > 0. Hence, both ν2(t) and φ2(t) are non-negative on
[0, 40), implying that their product is also non-negative. Thus, we conclude Z2 ⪯CX Y

′
2 .

An alternative approach to verifying the stochastic order inequalities Z1 ⪯CX Y ′1 and
Z2 ⪯CX Y ′2 is to apply the one-crossing condition for survival functions; see, for example,
Theorem 3.A.44 in Shaked and Shanthikumar (2007). According to this result, if X and Y
are two continuous random variables with equal means and survival functions FX and GY ,
respectively. Then, X ⪯CX Y if the following condition holds: S−(FX − GY ) = 1 and the
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sign sequence is +,−. Here, S−(h) = supS− (h(x1), h(x2), ..., h(xm)) denotes the number of
sign changes of the function h defined on the subset I of the real line, where S−(y1, y2, ..., ym)
is the number of sign changes of the indicated sequence, zero terms being discarded and the
supremum is extended over all sets x1 < x2 < · · · < xm such that xi ∈ I and m < ∞. We
now verify this criterion.

(i) Z1 ⪯CX Y
′
1 . Both means are 25. Using (C.3.3) and (C.3.5), for 0 ≤ x < 60, we have the

following

D1(x) := FZ1(x)− F Y ′
1
(x) =

1

2

(
1− x

60

)2
− x

300
. (C.3.11)

First, observe that D1(0) =
1
2
> 0. Moreover,

D′1(x) = − 1

60

(
1− x

60

)
− 1

300
< 0, 0 ≤ x < 60, (C.3.12)

implying thatD1(x) is strictly decreasing on [0, 60). Consequently, D1(x) admits a unique
root at x = 32.201 within this interval. It follows that

D1(x) ≥ 0, 0 ≤ x ≤ 32.201, and D1(x) < 0, 32.201 < x < 60. (C.3.13)

It therefore remains to show that D1(x) < 0 for all 60 ≤ x ≤ 100. This establishes that
D1(x) changes sign exactly once over its support and the sign sequence is +,−, thereby
satisfying the one-crossing condition for survival functions. For 60 ≤ x ≤ 100, we obtain

D1(x) = −1

2

(
1− x

100

)
≤ 0, 60 ≤ x ≤ 100. (C.3.14)

Then, we conclude Z1 ⪯CX Y
′
1 .

(ii) Z2 ⪯CX Y
′
2 . Both means are 16.667. Using (C.3.4) and (C.3.6), for 0 ≤ x < 40, we

have the following

D2(x) := FZ2(x)− F Y ′
2
(x) =

1

2

(
1− x

40
+
(
1− x

40

)2
−
(
1− x

100

)2)
. (C.3.15)

First, observe that D2(0) =
1
2
> 0. Moreover,

D′2(x) =
1

2

(
1

50

(
1− x

100

)
− 1

40
− 1

20

(
1− x

40

))
< 0, 0 ≤ x < 40, (C.3.16)

implying that D2(x) is strictly decreasing on [0, 40). Consequently, D2(x) admits a unique
root at x = 23.415 within this interval. It follows that

D2(x) ≥ 0, 0 ≤ x ≤ 23.415, and D2(x) < 0, 23.415 < x < 40. (C.3.17)
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It therefore remains to show that D2(x) < 0 for all 40 ≤ x ≤ 100. This establishes that
D2(x) changes sign exactly once over its support and the sign sequence is +,−, thereby
satisfying the one-crossing condition for survival functions. For 40 ≤ x ≤ 100, we obtain

D2(x) = −1

2

(
1− x

100

)2
≤ 0, 40 ≤ x ≤ 100. (C.3.18)

Consequently, we conclude Z2 ⪯CX Y
′
2 .

D Supplementary example illustrating the role of Assumption 3.4

D.1 A numerical illustration with failure of the constraint for two participants

For this second example, we examine a pool of three participants (n = 3) with Exponentially-
distributed losses, defined as follows:

(i) Claim frequency: λ1 = 100, λ2 = 2, and λ3 = 100,

(ii) Claim severity: α1 = 1, α2 =
1
50
, and α3 = 1.

The resulting mean claim sizes are b1 =
1
α1

= 1, b2 =
1
α2

= 50, and b3 =
1
α3

= 1.

We again assume a safety loading factor of η = 2
5
. Losses are allocated according to

either the mean-proportional or the alternative schemes, defined by

AMP =


1
3

1
3

1
3

1
3

1
3

1
3

1
3

1
3

1
3

 and AALT =


0.5 0.4 0.1

0.3 0.2 0.5

0.2 0.4 0.4

 ,

respectively.
Both the mean-proportional and alternative schemes violate condition (3.15) for partici-

pants 1 and 3 because

aMP
1,2 =

1

3
≈ 0.333 >

b1
b2

=
1

50
= 0.02,

aMP
3,2 =

1

3
≈ 0.333 >

b3
b2

=
1

50
= 0.02,

aALT
1,2 = 0.4 >

b1
b2

=
1

50
= 0.02, and

aALT
3,2 = 0.4 >

b3
b2

=
1

50
= 0.02.

As a result, Figure 7 shows that pooling does not benefit participants 1 and 3.
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Figure 7: Ruin probabilities for the pooled fund, individual and pooled surplus models
under the mean-proportional (pool - MP) risk-sharing scheme and the alternative (pool -
ALT) proportional risk-sharing scheme in the pool of Appendix D.1.
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