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Abstract

We study priority-based allocation with strategic intermediaries. In the U.S. trans-
plant market, organs are offered sequentially to patients ranked by priority, but trans-
plant centers, not patients, make acceptance decisions. Centers strategically bypass
high-priority patients to secure better matches, creating a wedge between formal and
real allocation. We introduce the priority adherence index to measure this wedge and
analyze how market conditions shape it through three forces: pool thinning, batch
shortening, and strategic delay. We further show that a simultaneous priority-proposal
rule is strategically equivalent to the current sequential-offer rule, but avoids costly

delays, offering a faster practical alternative.
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1 Introduction

High-stakes resources are often allocated through priority-based systems in settings such
as public housing and school seats. In deceased-donor organ allocation, for example, an
organ is offered sequentially to patients in priority order. In theory, the mechanics are
straightforward: the resource is offered down a ranked list until a candidate accepts. When
a candidate is reached, they first evaluate the match and accept if they find it desirable. The
resource would therefore go to the highest-priority candidate willing to accept it.

In practice, however, a key institutional feature complicates this picture: intermediaries

assess matches and decide on behalf of candidates. For instance, every patient needing a
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deceased-donor organ must be listed with and managed by a transplant center, which is
typically a hospital division. Organ offers are routed to such centers rather than to patients,
and centers can evaluate organ-patient match quality. It is both permitted and common
for centers to reject offers without informing patients (Husain et al., 2025). Importantly,
centers possess private, real-time information about their own patients’ clinical conditions,
preferences, and logistical constraints that would be practically impossible for a central
designer to monitor continuously.

Transplant centers face different incentives than individual patients do. Each center
manages multiple patients, so rejecting an offer for one preserves the option to accept it for
another of its patients. Centers are also monitored on center-level performance measures,
such as transplant outcomes (CMS, 2007; Ng, 2025). These incentives can motivate centers
to bypass patients who would individually accept, in order to transplant a patient with better
expected outcomes. This ability to bypass is especially powerful when a center has multiple
consecutive patients on the ranked list—a patient batch—since the center can select from
the batch without risking losing the organ to another center. Recent evidence documents
aggressive bypassing of higher-priority patients, raising public concerns about whether the
system respects patients’ priority rankings (King et al., 2023; New York Times, 2025).

This paper analyzes priority-based systems with strategic intermediaries. Focusing on
the U.S. organ transplant market, we investigate three questions. First, how does strategic
intermediation affect adherence to priority rankings and allocation outcomes? Second, how
do market concentration and competition among transplant centers shape these effects?
Third, what does our model reveal when we compare alternative allocation rules and evaluate
policy reforms?

We model a market with % transplant centers; center j serves a share s; of patients. The
distribution of market shares captures market structure. When an organ becomes available,
it is offered sequentially to n patients in priority order, from patient 1 (highest priority) to
patient n. Each patient is affiliated with one center, with affiliation to center j occurring
independently with probability s;. Thus, in expectation, larger centers have more patients
on the list than smaller centers. Once patients’ affiliations are realized, each center observes
the match values and priority positions of its own patients, but not other patients’ match
values or affiliations. When the offer reaches patient i, their center either accepts on the
patient’s behalf or passes it to patient ¢ + 1. If a center accepts the organ for one of its
patients, its payoff equals that patient’s match value; otherwise, its payoff is zero.

As a starting point, suppose there is no intermediation: patients observe their match
values and decide whether to accept. A patient accepts if and only if their match value is

positive, so the organ goes to the highest-priority patient among those with positive values.



We call this outcome formal allocation, as it reflects the conventional expectation of a priority
system. By contrast, we call the equilibrium outcome under intermediation real allocation.
When real allocation differs from formal allocation, the highest-priority patient among those
with positive values does not receive the organ. Having positive value and higher priority
than the recipient, this patient has justified envy. We thus introduce the priority adherence
index as the probability that the highest-priority patient among those with positive values
obtains the organ, conditional on the organ being allocated to some patient. Equivalently,
the index is the probability that no justified envy arises.

Consider first a monopoly center. Without competition, the center cannot lose the organ
to a rival and can choose any of its n patients. It therefore accepts for the patient with the
highest match value, provided that value is positive. This strategy maximizes realized match
value but drives the priority adherence index far below one; indeed, internal reallocation
makes patient priorities irrelevant. When match values are always positive, the index falls
to 1/n, the probability that the highest-priority patient happens to have the highest match
value.

With competition, centers face a risk absent under monopoly: losing the organ to a
rival. Whether this risk is present depends on the sequence of patient affiliations. Within a
patient batch—a run of consecutive patients affiliated with the same center—the center can
pass the offer to later patients in the batch without competitive pressure from other centers,
reaching for its highest-valued patient within that batch without risk of loss. However,
when the next patient belongs to a rival center, passing the offer to that patient becomes
risky because the rival may accept it. This risk raises the cost of bypassing high-priority
patients and induces closer adherence to priority. When match values are always positive,
centers avoid this risk by never passing the offer to rivals. As a result, the center with which
patient 1 is affiliated accepts the organ for its highest-valued patient in the initial batch. As
the number of centers increases, consecutive patients become less likely to share the same
center affiliation, shortening the expected length of each batch. This batch-shortening effect
increases the probability that the highest-priority patient obtains the organ. Competition
thus increases priority adherence; as the number of centers grows large, the priority adherence
index approaches one and the market outcome coincides with the formal allocation.

When match values can be negative, a new strategic margin emerges: a center may pass
the offer to a rival even when the current patient yields a positive payoff. The reason is that
a rival center rejects with positive probability—for example, when all of its patients have
negative match values—so passing to a rival does not necessarily forfeit the organ; it may
return after circulating through rivals. This can create a priority-value tradeoff for the center

currently holding the offer: accept now for a sure but low-value positive match, or delay in



the hope that the organ returns for a lower-priority but higher-value patient. We call the
latter choice strategic delay. It arises precisely when organs are sufficiently selective—i.e.,
when negative match values occur often enough—so that rivals reject frequently enough.

An increase in the probability of negative match values—making the organ more selective—
affects priority adherence through two opposing forces. The first is a pool-thinning effect: as
the pool of willing acceptors shrinks, the highest-priority patient among them becomes more
likely to obtain the organ, thereby improving priority adherence. The second is the strategic
delay discussed above, which encourages centers to bypass high-priority patients with low
positive values to pursue higher match values deeper in the priority list. This behavior re-
duces priority adherence. We show that the interaction of these two forces can cause the
priority adherence index to be nonmonotonic in the probability of negative match values.

Recent policy changes have expanded the geographic scope of competition for organs, but
they also amplify a binding operational constraint: a transplant must occur within hours after
the organ is recovered. Under this time pressure, organ procurement organizations (OPOs)
have increasingly relied on open offers, in which an organ is routed to a selected center and
that center can allocate it to any of its patients. The use of open offers has risen sharply, from
about 2 percent to 19 percent. But this expedient comes at a cost: open offers circumvent the
priority list, raising concerns about fairness (New York Times, 2025). This motivates interest
in alternative market designs that would preserve speed while increasing priority adherence.
One proposal is a priority-proposal rule, under which each center is invited to propose at most
one patient and the organ is awarded to the highest-priority patient among those proposed
(Henson et al., 2026). Despite the fundamental shift from a dynamic, sequential procedure
to a simultaneous proposal process, we show that this priority-proposal rule is strategically
equivalent to the current sequential-offer rule. However, by avoiding the delays inherent in
contacting centers one by one, it can deliver the same incentives with less wasted time, and
thus merits serious consideration for OPOs to use as an alternative market design.

Finally, we ask whether the priority-proposal rule, or equivalently the sequential-offer
rule, is the best a designer could do. Casting the problem as one of mechanism design without
transfers, we show that it is not: because both rules let centers communicate only coarse
information, a mechanism that elicits centers’ full private information can raise priority
adherence and expected allocation value at the same time. We view this as a first step
toward characterizing the frontier of implementable outcomes, and we leave a full treatment

to future work.



1.1 Related literature

Our work builds on the conceptual foundation of Aghion and Tirole (1997), who distinguish
between formal authority (the contractual right to decide) and real authority (effective con-
trol driven by information). We extend this duality to a market design setting. We define
formal allocation as the benchmark outcome if candidates have observed match values and
decided for themselves. In contrast, real allocation is the equilibrium outcome induced by
strategic intermediaries who hold effective control. By introducing a tractable model of mar-
ket structure, we explore how intermediary concentration and competition shape the wedge
between formal and real allocation.

Agarwal and Budish (2021, p. 69) argue that “a holistic study of markets requires analyz-
ing both market design and market power,” and observe that “with the notable exception of
auction markets and a handful of examples discussed in this chapter, these two issues have
largely been studied independently.” We answer this call with a framework integrating mar-
ket design and market power in the organ transplant market—a framework that is amenable
to analyzing alternative designs and how market outcomes respond to policy reforms.

We also contribute to the literature on how transplant centers respond to allocation in-
centives. Munoz-Rodriguez and Schummer (2025) study an allocation policy that prioritizes
patients who take certain treatments. They compare settings in which patients choose their
own treatment versus settings in which centers choose for them, and show that greater mar-
ket power can improve welfare by better targeting resources. As we do in our paper, they
model centers that decide on patients’ behalf and study how market structure shapes equi-
librium outcomes. However, while they—and related empirical work (Sweat, 2025)—analyze
the tradeoff between better resource targeting and distorting treatment choice, we focus
on acceptance decisions and the tradeoff between priority adherence and allocation value.
Chan and Roth (2024) observe that centers cherry-pick the safest transplants because they
are penalized for poor outcomes, while OPOs avoid recovering marginal organs because they
are penalized for discards. Using a two-player laboratory experiment between one OPO and
one center, they show that holistic regulation—rewarding both parties for health outcomes
across the entire patient pool—increases both organ recovery and appropriate transplants
relative to fragmented regulation. Although we do not explicitly model OPOs, their increas-
ing reliance on open offers to avoid discards motivates our advocacy for the priority-proposal
rule over the current sequential-offer rule.

We introduce the priority adherence index to quantify how often real allocation coincides
with formal allocation. The index is closely related to the property of “no justified envy”

in the school-choice literature (Abdulkadiroglu and Sénmez, 2003), since it measures the



probability that this property holds. Reducing justified envy is a fairness criterion in this
literature, motivating the search for efficient mechanisms that reduce justified envy (e.g.,
Abdulkadiroglu et al., 2020; Abdulkadiroglu and Grigoryan, 2021). Abdulkadiroglu et al.
(2020) show that, in many-to-one matching, the top trading cycles mechanism admits less
justified envy than serial dictatorship in an average sense when priorities are drawn uniformly
at random. Our priority adherence index also admits an average interpretation, but the
relevant distribution is determined by the market structure and the match value distribution
rather than by a uniform prior.

We contribute to the literature on mechanism design without transfers under multidi-
mensional private information. Existing work studies how (i) using allocation probabilities
as a numeraire, (ii) linking decisions, or (iii) imposing quota-like delegation rules can elicit
information or align incentives without transfers (Jackson and Sonnenschein, 2007; Miralles,
2012; Frankel, 2014; Ball, Jackson and Kattwinkel, 2022). Our setting is distinct: transplant
centers act as strategic intermediaries, privately observe match values for their own patients,
and make acceptance decisions under a priority-based rule. We focus on the resulting wedge
between formal and real allocation, and on how market structure and allocation procedures
shape both priority adherence and expected allocation value.

The rest of the paper proceeds as follows. Section 2 introduces the model and the main
outcome measures: the priority adherence index and expected allocation value. Section 3
analyzes the monopoly benchmark. Section 4 studies multicenter markets and identifies
the forces of batch shortening, pool thinning, and strategic delay. Section 5 introduces the
priority-proposal rule, establishes its strategic equivalence to the current sequential-offer
rule, and then formulates the broader mechanism-design problem. Section 6 connects our
findings to related empirical evidence. Section 7 concludes with the broader interpretation
of our analysis, returning to the role of transplant centers as informed intermediaries and

underscoring the fact that imperfect priority adherence reflects an allocation-design tradeoff.

2 Model

Setup. Consider a setting with k£ > 1 transplant centers and n > 2 patients competing
for a single organ. Let x; denote the match value between patient ¢ and the organ, drawn
independently from a distribution on [—1, 1] with PDF f and CDF F. Let x = (xq,...,x,)
denote the vector of match values. We classify the organ as universal if F(0) = 0, meaning
all match values are strictly positive. Conversely, it is selective if F(0) € (0, 1), implying
some match values may be negative. Throughout, when we refer to a positive match value,
we mean strictly greater than zero.

Let s = (s1,...,s;) denote the market shares of the centers, where s; > 0 and 2521 S; =
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1. Each patient is independently affiliated with center j with probability s;, which induces
a random affiliation map ¢ : {1,...,n} — {1,...,k}. Given the realization of this map,
center ¢(i) decides whether to accept the organ on behalf of patient i. For parts of the
analysis, we assume uniform market shares, meaning s; = --- = s, = 1/k, although the

realized affiliation map ¢ may still be imbalanced due to randomness.!

Allocation mechanism. The OPO allocates the organ using a sequential-offer rule in
which lower-indexed patients have higher priority. The organ is first offered to center ¢(1)
for patient 1. If rejected, the offer proceeds to center ¢(2) for patient 2, and so on, until
a center accepts the organ or all offers are declined. If patient i receives the organ, their
center c(i) receives a payoff of x;; all other centers receive zero. Figure 1 illustrates this
process for n = 5 patients. At each decision node h; (where the organ is offered to center ¢(1)

for patient i), center c(i) either accepts or rejects.

rejects rejects rejects reJects ) rejects

@7@7@7’—)’* organ discarded ‘

¢(1) accepts 2) accepts 3) accepts 4) accepts 5) accepts

Figure 1: Sequential-offer rule for n = 5 patients.

Timing and information. The timing of the game and the information available to each

center unfold as follows:

1. Nature draws a value vector = (x1,...,2,) and an affiliation map ¢ : {1,...,n} —

(1,....k}.

2. Each center j privately observes its type 0; = {(i,2;) : ¢(i) = j}, which includes the
values and priority positions of its affiliated patients. It does not observe the values or

affiliations of other patients.

3. The OPO implements the sequential-offer rule: when the organ is offered to center ¢(7)
for patient ¢, center c(i) decides whether to accept or reject based on its type 0.4,

knowing only that all previous offers were rejected.

'We use ¢ to refer to both the random affiliation map and its realization, whenever the distinction is
clear from context.



Example 1. Consider n = 5 patients and k = 2 centers, with the realized affiliation map and
value vector shown in Table 1. Center 1’s type is {(1,—0.1),(2,0.4), (5,0.6)} (blue), while
center 2’s type is {(3,—0.2),(4,0.7)} (red). For clarity, Table 2 restates the information
available to center 1. With two centers, center 1 can deduce that patients 3 and 4 must
belong to center 2. If there were three or more centers, center 1 would be uncertain about

their affiliations. Thus, with two centers, it is as if the affiliation map ¢ were publicly known.

Patient ¢ 1 2 3 4 5 Patient ¢ 1 2 3 4 5)
Center c(i) 1 1 2 2 1 Center c(i) 1 I xx xx 1
Value z; —-0.1 04 —-0.2 0.7 0.6 Value z; —0.1 04 xx =xx 0.6
Table 1: Affiliation ¢ and value vector z Table 2: Information available to center 1

O

Strategies and equilibrium. Center j’s type space ©; consists of all possible subsets of

patients that could be affiliated with it, along with their possible value realizations:
©;:={0; ={(i,x;) i€ ;} | [; C{1,...,n}, z; € [-1,1] for all i € I,}.

Given its type 6; = {(i,2;) : i € I;}, center j’s decision histories are: H;(0;) := {h; : i € I,},
where h; is the history at which patient ¢ is offered the organ. A strategy o, for center j is

a function:

o;(-10;): H;j(6;) — A({accept, reject}),

which, for each 0; € ©;, specifies the probability of accepting the organ at each decision
history h € H;(6;). A belief function s, for center j is a function:

i (- 0;) + Hij(0;) = A(©-;),

which, for each 8; € ©;, assigns a belief over the types of the other centers at each history
h € H;(0;).

A strategy profile o = (074, ..., 0x) and belief system p = (u1, .. ., i) constitute a Perfect
Bayesian Equilibrium (PBE) if both of the following hold:

1. For every center j, type 6; € O;, and history h € H,;(6;), the continuation strategy
g;(- | 8;)], maximizes center j’s expected continuation payoff, given belief p;(h | 6;)

and the strategies o_; of the other centers.



2. Beliefs p;(- | 6;) are updated via Bayes’ rule wherever possible, given the strategy
profile ¢ and the observed history h. That is, for every j, 6; € ©;, h € H;(6;), and

every measurable set S C ©_j,
pi(h | 0;)(S) = Pr(6-; € S|h,0;0),

whenever the conditioning event has positive probability under o.

We adopt PBE as the solution concept. All model primitives {k,n, f, s} are assumed to be

common knowledge.

Remark 1 (Mild Refinement of PBE). PBE places no restrictions on beliefs at off-path
histories. In our model, only surprising rejections require specified beliefs, since surprising
acceptances, although also off-path, end the game. We assume that a surprising rejection
by center j does not alter its own belief about other centers’ types. This reflects the “no-
signaling-what-you-don’t-know” condition (Fudenberg and Tirole, 1991), which requires that
a player’s deviation does not reveal information they do not possess. Additionally, if a rival
center rejects unexpectedly (an event occurring only when a universal organ is involved), we

assume center j does not assign positive probability to values it had previously ruled out.

2.1 Patient-Decision Benchmark

We first consider a hypothetical benchmark in which each patient ¢ observes their match
value x; and decides whether to accept the organ. In reality, as in our model, patients
cannot evaluate match quality, and centers decide on their behalf.

Patients with weakly negative values reject the offer, while those with positive values
accept it.2 Let ipos(7) := min{i € {1,...,n} : z; > 0} denote the first patient with a
positive value, with ipes(z) = 400 if no such patient exists. The organ is therefore allocated
to patient ipos() if ipes(2) < 1, and discarded otherwise. To lighten notation, we sometimes
omit the dependence of i,,s on  when no confusion arises, and similarly for other terms.

This allocation, which we term the formal allocation, reflects the conventional expectation
of priority-based rules: the organ goes to the highest-priority patient who has a positive
value. To measure adherence to this principle, we define the priority adherence index as the

probability that patient i,.s(z) receives the organ, conditional on the organ being allocated:
Index := Pr[ipes(2) receives the organ | the organ is allocated |,

where the probability is taken over all realizations of the value vector z = (x1,...,z,).

2We assume that patient i’s payoff from receiving the organ equals x;. This need not be the case; as
long as patient ¢’s payoff from receiving the organ has the same sign as x;, the same decision rule holds.



The priority adherence index is a probabilistic generalization of no justified envy from the
school-choice literature (Abdulkadiroglu and Sénmez, 2003). In that setting, an assignment
is said to have no justified envy if no student prefers another student’s seat to their own
while having higher priority for that seat. In our setting, the patient iy.s(x), the highest-
priority patient with a positive value, plays the role of the “justified claimant.” The priority
adherence index measures how often this claimant receives the organ. An index value of one
indicates perfect adherence to priority (no justified envy), whereas values below one quantify
the frequency with which priority is violated (i.e., justified envy arises).

We define the expected allocation value as the expected value of the recipient, conditional
on the organ being allocated. Under the patient-decision benchmark, the priority adherence

index equals one. The expected allocation value is the conditional mean of x; given x; > 0:

Jy @ f(x) dx

E . 1- F(0)

ipos gn] =E[z; | z; > 0] =

2.2 Independence of Match Values and Priority Ranking

In our model, we assume that the match value z; is independent of the patient’s priority
ranking 7. In practice, the relationship between ranking and value is weak and varies by
organ type.

First, transplant outcomes depend heavily on organ-recipient match qualities (e.g., donor-
recipient ages and weights), operation complexities, and other factors that are not captured
by the priority ranking. For instance, in some scenarios, a low-quality organ may have better
outcomes on a less urgent, younger patient with better resilience, yet in other cases, a very
urgent patient may benefit more from the transplant even though the organ quality is not
ideal. These practical, idiosyncratic, and often stochastic factors in real-life implementations
generate considerable noise that separates the priority ranking and the expected outcomes.

There are also mechanical reasons created by the allocation rule that weaken the rela-
tionship between priority and outcome. For non-kidney organs, higher priority is generally
associated with lower allocation value, though substantial noise remains. Candidates for
non-kidney organs are primarily ranked by medical urgency (i.e., how soon they would die
without a transplant) and by geographical distance from the donor. For example, patients
waiting for a deceased-donor liver transplant are ranked by urgency score (MELD) bin X
distance bin:® patients with MELD> 37 within 150 nautical miles (NM) of the donor organ
are ranked before patients with MELD> 37 within 150-250 NM, who are then ranked before

SMELD stands for Model for End-Stage Liver Disease. The score ranges from 6 to 40; a higher MELD
score indicates greater medical urgency, i.e., a higher probability of dying within 90 days without a transplant.
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patients with MELD> 37 within 250-500 NM, followed by patients with 37 > MELD > 33
within 150 NM, and so on. Within each group, patients are further ranked by blood type,
MELD, wait time, and other criteria (Organ Procurement and Transplantation Network,
2026). While greater urgency is associated with a higher post-transplant mortality rate
(Kwong et al., 2025), the association between distance and urgency depends on organ avail-
ability and the spatial distribution of compatible patients at a given moment, both of which
introduce considerable noise.

In contrast, for kidneys, the availability of dialysis allows the ranking to prioritize candi-
dates with better expected transplant outcomes and longer waiting time. The former directly
links high priority to high allocation value, whereas the latter provides dynamic incentives
for high-priority patients to wait for a better organ (Agarwal et al., 2018)—in other words,
linking a high ranking to a high value of the outside option. In our static setting, z; can be
interpreted as the difference between the transplant payoff and the value of the outside op-
tion. Hence, dynamic incentives in kidney allocation weaken the association between priority
ranking and allocation value.

We therefore regard the assumption that z; is independent of patient rank as a parsi-
monious baseline specification that captures this empirical orthogonality. This benchmark
is far from a knife-edge case; our core qualitative insights remain robust to systematic cor-
relations between ranking and value. By shutting down this channel initially, our model
isolates the pure strategic effects of intermediation, leaving the formal parameterization of

rank-dependent distributions to future extensions.

3 Monopoly Center (k=1)

We now turn to our main analysis, beginning with the polar case of a monopoly center that
observes all match values and makes decisions for all patients. This setting highlights how
information and discretion shape allocation in the absence of competition.*

Let imax(z) € argmax; x; denote the patient with the highest value. If z; . > 0, the
center rejects the organ for all patients before patient iy, and accepts it for i,,.y; otherwise,
it rejects the organ for all patients. This strategy yields the center a payoff of (max; x¢)+,
the positive part of max; x;.

The distribution of z;_,_is given by [F(z)]". Therefore, the expected allocation value is:

Jo @ n[F(@)]" ! f(x) do
1 [FO)]" '

4The monopoly setting is not hypothetical; in some isolated regions, a single center effectively dominates
the top of the priority list (King et al., 2023).
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This expected allocation value is the highest achievable for our problem, since the organ
always goes to the patient with the greatest value above zero. Furthermore, this value is
increasing in n.

The monopoly allocation departs from perfect priority adherence because the center may
bypass earlier positive-valued patients in order to reach patient 7,,... Recall that the priority
adherence index is the probability that the first positive-valued patient, ¢,.s, receives the
organ, conditional on allocation. In the monopoly setting, since the center allocates the

organ to im.x as long as z; . > 0, the index is given by:
Index = Pr(ipos = tmax < 1| 2, > 0].

To compute this probability, suppose that exactly m € {1,...,n} patients have positive
values. This event occurs with probability (”)[1—F(0)]™[F(0)]"~™. Among these m positive-
valued patients, the probability that the highest-priority one is also the highest-valued patient

is 1/m. Averaging over all possible m, the priority adherence index is therefore:

Z": () [1 = FO]"[F )"

Index = == T FOF . (1)

This calculation shows that the index depends on distribution F' only through F'(0). In
the monopoly setting, the index reflects only “positional luck™ the probability that the first
positive-valued patient happens to be the highest-valued among all positive-valued patients.
This is a combinatorial question that depends only on the number of positive-valued patients
(determined by F'(0)), not on how their positive values are distributed. By contrast, we show
in Section 4.2 that in multicenter settings the shape of F' on [0, 1] beyond F(0) affects the

index.

0.8

—n=>5

0.6 n =10
—n=15
—n =20
0.4 —n=25

Priority adherence index

0.2

Figure 2: Effect of varying the number of patients n or F/(0) on the index.
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Figure 2 illustrates the fact that the index decreases with n and increases with F(0). As
n grows, more patients seek the organ, increasing the likelihood that a later patient has a
higher value than the first positive-valued patient, thereby lowering the index. Conversely,
since the expected number of patients with positive values is (1 — F'(0))n, a higher F(0)

implies fewer such patients, which raises the index.

Proposition 3.1. In a monopoly market, the priority adherence index (1) is strictly de-
creasing in n and strictly increasing in F(0), for all n > 2 and F(0) € (0,1). Moreover,

limp ()0 Index = 1/n and limp )1 Index = 1.

The monopoly setting and the patient-decision benchmark lie at opposite ends of the
tradeoff between priority adherence and allocation value. Figure 3 illustrates this for n = 10
and x; ~ Unif[0, 1]. The patient-decision benchmark achieves perfect adherence but yields
a low expected allocation value, whereas the monopoly setting attains the highest expected

allocation value but low adherence to priority.

g 17 monopoly
T; ®
] 0.8
Qo
g
£ 06
= e
Z 04 patient-decision
Z benchmark
8 0.2
o
"
= 0 t t t t t
0 0.2 0.4 0.6 0.8 1

Priority adherence index

Figure 3: Monopoly versus patient-decision benchmark.

4 Multiple Centers (k > 2)

We now turn to the multicenter setting. Fach patient is independently affiliated with a center
according to the centers’ market shares. Each center decides whether to accept or reject the
organ on behalf of its patients. Table 1 illustrates one such affiliation ¢: patients 1, 2, and 5
belong to center 1, while patients 3 and 4 belong to center 2. Unlike in the monopoly setting,
where the affiliation map is trivial, here ¢ shapes how the organ is allocated.

To analyze centers’ behavior, we introduce the i-batch, denoted as B;. Fix an affiliation
map c. For each i € {1,...,n}, B; is the maximal interval of consecutive patients containing

7 who are affiliated with the same center:
B, = {z e {1,...,n}: c(f) = c(4) for all £ € {min(i, "), ... ,max(i,i’)}}.
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Figure 4 illustrates the i-batch under a given affiliation map ¢, where colors denote patients’
centers; in this example, the i-batch consists of patients ¢ — 1 through 7 + 3. We also refer
to any such interval of consecutive patients affiliated with the same center as a batch. In
Table 1, patients 1-2 form the first batch, 3—4 the second, and 5 the third.

i—bjaj:ch

affiliation map ¢: - - @ @ @ @ @ @

Figure 4: The i-batch under a given affiliation map c¢; colors denote patients’ centers.

4.1 Multicenter with Universal Organs (£'(0) = 0)

We now characterize the equilibrium for universal organs.

Theorem 4.1 (Equilibrium for Universal Organs). Assume F(0) = 0 and k > 2. There
exists a unique equilibrium in which, when patient i is offered the organ, center c(i) accepts
if 1 is the highest-valued among those in the i-batch from i onward; otherwise, it rejects.

Consequently, the organ is allocated to the highest-valued patient in the first batch.

Two features drive this equilibrium. First, within each batch, the affiliated center op-
timizes locally: if it accepts for a patient in that batch, it does so for the highest-valued
patient, ensuring optimal intra-batch allocation. Second, the center currently offered the
organ strictly prefers accepting for a patient in the current batch to passing the offer to the
next center. Because the next center will accept for a patient in its own batch, an offer
passed to that center never returns. Together, these two features ensure that the organ goes
to the highest-valued patient in the first batch.

This equilibrium yields a closed-form expression for the priority adherence index for any

k > 2 and market shares s = (s1,...,5;). To compute the index, we sum over centers
j €A{1,...,k}, where the first patient belongs to center j. For each j, we further sum over
m € {1,...,n}, where m is the size of center j’s first batch. In this case, the organ goes

to the highest-valued patient among the first m patients. By symmetry, patient 1 is the
highest-valued (and thus receives the organ) with probability 1/m. The resulting index is:

Index(k,n,s) = Z (” w + %) . (2)

j=1 \m=1

The expected allocation value is computed analogously, except that when the first batch has
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size m, the term 1/m is replaced by the expected maximum of m value draws:

m=1

Z( ; 37(1—sj)/0 2 m[F(2)]™ f(x) dx+sy/0 x~n[F(x)]"_1f(x)dx>. (3)

j=1
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Figure 5: Effect of increasing the number of centers k: n = 10, z; ~ Unif[0, 1].

Figure 5 illustrates the impact of increasing the number of centers under uniform market
shares (s; = - -+ = si). The left panel shows that the priority adherence index increases with
k, since greater market competition shrinks the expected size of the first batch, bringing the
index closer to the patient-decision benchmark. The right panel plots both measures: as k
increases, the index rises while the expected allocation value falls, with both converging to
their respective patient-decision benchmark values. We formalize these comparative statics

in the following proposition.

Proposition 4.1. Under uniform market shares and universal organs, (i) the priority adher-
ence indez is strictly increasing in k; (ii) the expected allocation value is strictly decreasing in

k; and (iii) as k — oo, both converge to their respective patient-decision benchmark values.

Figure 5 also shows that both measures change sharply when moving from monopoly
(k = 1) to duopoly (k = 2): the priority adherence index rises steeply while the expected
allocation value drops substantially. This sharp shift reflects a structural change: introducing
a second center creates a positive chance that the first batch ends before all patients have
been reached. Beyond that, both measures become less sensitive to which center interrupts
the first batch, so adding more centers yields diminishing marginal effects. Notably, the
probability that the first two patients belong to different centers (i.e., ¢(1) # ¢(2)) jumps
from 0 to 0.5 when moving from one to two centers, which accounts for most of the change

in both measures.
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4.2 Multicenter with Selective Organs (F'(0) € (0,1))

Our analysis to this point highlights two structural forces that tend to raise priority ad-
herence, as summarized in Figure 6. The first is pool thinning: as F(0) increases, fewer
patients have positive values, so the pool of patients interested in the organ shrinks. With
fewer interested patients, the first positive-valued patient faces less competition, thereby in-
creasing priority adherence. This effect is most clearly seen in the monopoly market, where
Proposition 3.1 shows that priority adherence increases with F'(0).

The second force is batch shortening: as the number of centers k£ increases, consecutive
patients are less likely to belong to the same center, so each batch tends to contain fewer
patients. Earlier, we showed that if a center ever accepts for some patient in a batch, it
must do so for the highest-valued patient in that batch. Shorter batches make it more likely
that the first positive-valued patient in a batch is also the highest-valued patient, thereby
increasing priority adherence. This effect is most clearly seen for a universal organ, where
the organ goes to the highest-valued patient within the first batch, and Proposition 4.1 shows

that priority adherence increases in k.

Monopoly, selective organ

PT, BS, Strategic delay

Monopoly, universal organ Multicenter, selective organ

Multicenter, universal organ

Figure 6: Structural forces shaping priority adherence.

When we move to the multicenter setting with selective organs, a third force arises,
strategic delay: a center may reject the organ for all its patients in an earlier batch even
when that batch contains positive-valued patients. Unlike the first two forces, strategic delay
reduces priority adherence.

To illustrate, suppose center 1 faces the situation in Table 3. Its two relevant options
are: (i) accept immediately for patient 1, securing a payoff of 0.1; or (ii) delay by rejecting
for patients 1 and 2 and, if the organ is rejected for patients 3 and 4, accept for patient 5,
obtaining a payoff of 0.9. If the likelihood that the organ is rejected for patients 3 and 4
exceeds 1/9, center 1 optimally delays to accept for patient 5, trading off patient 1’s higher
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priority for patient 5’s higher value.

Patient 1 1 2 3 4 5

Center c(i) 1 I xx xx 1
Value z; 01 -04 xx =xx 0.9

Table 3: Illustration of a situation in which center 1 may delay

To formalize this priority-value tradeoff, we characterize equilibrium behavior, focusing
on the case of two centers. This case captures the essence of the game while yielding the
cleanest result. The corresponding equilibrium characterization for the general case with

k > 2 centers is presented in Appendix D.
Theorem 4.2 (Equilibrium for Selective Organs and Two Centers). Assume F(0) € (0,1)
and k = 2. Fiz an affiliation map c. An equilibrium {oy, d;}1, satisfies both (4) and (5)

below:

a; = Pr [wz > 0 and 6;z; = Opwy Vi’ with c(i / f(u F(‘Si“) du, (4)
’;éz c(i)=c(i)

51' =1- Z (077 (5)

i/ <, e(t')F#c(i)

where «; is the probability that center c(i) makes its first acceptance at patient i, and 0; is
the probability that c(i)’s rival center rejects the organ for all its patients who precede 1.
For a realized value vector x, center ¢(i) accepts for patient i if x; > 0 and d;x; > dpxy

for all i > i with c(i") = (i), and rejects otherwise.

The theorem can be understood in terms of two jointly determined sequences: the reach
probabilities {6;}, and the acceptance probabilities {a;}! ;. The organ can reach patient i
only if ¢(i)’s rival center rejects it for all its patients with higher priority than i; J; is the
probability that this occurs. The expected value to center ¢(i) from bypassing its higher-
priority patients to accept the organ for patient ¢ is d;x;. Each center j thus compares its
patients i € ¢7!(j) by their discounted values §;x;, accepting first for the patient with the
highest such value, provided it is positive. Given this equilibrium behavior, «; is the ex-ante
probability that center ¢(i) makes its first acceptance at patient 7. In sum, {0;}!; captures
how priority affects each patient’s reach probability, while {c;}? , characterizes acceptance
behavior once this priority effect is internalized. The general case £ > 2 admits an analogous
characterization (see Theorem D.1 in Appendix D), with the key difference being that reach
probabilities are averaged over all possible ways the remaining patients are distributed across

rival centers.
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The next example solves (4)—(5) to compute {«;, d;}; for a given affiliation map ¢, and
then illustrates how realized acceptance decisions follow from comparing discounted values

0;x; across a center’s patients.

Example 2. Consider a setting with n = 5 patients and z; ~ Unif[—1,1]. Consider the
affiliation map ¢ with ¢(1) = ¢(2) = ¢(5) = 1 and ¢(3) = ¢(4) = 2. Patients 1 and 2 form
the first batch and have higher priority than all patients from the rival center, so their reach
probabilities equal 1. Center 2 has only one batch with patients 3 and 4, so it accepts
for the patient with the higher value (if positive), yielding a3 = a4 = 3/8. Consequently,
patient 5 has reach probability 1 — a3 — ay = }L. Center 1 then compares the discounted
values {x1, zo, (1/4)x5} and makes its first acceptance at the patient with the highest positive
discounted value. The full set of equilibrium probabilities is reported in the left table of Table
4.

The right table in Table 4 shows one realization of match values for center 1’s patients
1, 2, and 5. In this case, the discounted value ;z; is highest for patient 5 (equal to 0.225),

so center 1 rejects the organ for patients 1 and 2 and accepts it for patient 5.

Patient ¢ 1 2 3 4 5 Patient ¢ 1 2 3 4 5
Center c(7) 1 1 2 2 1 Center c(7) 1 1 xx xx 1
Accept prob. oy % % % % % Value z; 0.1 -04 xx xx 0.9
Reach prob. 6; 1 1 19 188 1 Disc. value §;z; 0.1 -04 xx xx 0.225

Table 4: Equilibrium acceptance/reach probabilities (left) and strategic delay (right)

O

The preceding example illustrates strategic delay but leaves open the question as to
whether this force rivals pool thinning in shaping priority adherence. We now show that it
does. Recall that pool thinning alone causes the priority adherence index to increase in F'(0):
fewer interested patients means less competition for the first positive-valued patient. The
next example shows that strategic delay can reverse this relationship, causing the index to
decrease in F'(0). Intuitively, as F'(0) increases, the rival center is more likely to reject for all
its patients, making it more attractive for the current center to bypass earlier, lower-valued

patients in favor of later, higher-valued ones.

Example 3. Consider a setting with n = 3 patients, & = 2 centers, and uniform market
shares s = (1/2,1/2). The affiliation map ¢ = (c¢(1),¢(2),¢(3)) is uniform over {1,2}3:
{(17 L, 1)a (17 L, 2)7 (L 2, ]-)> (17 2, 2)a (27 L, 1)7 (2a L, 2)7 (27 2, 1)a (27 27 2)} Strategic delay arises
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only if two conditions are met: (i) the affiliation is (1,2, 1) or (2, 1,2), and (ii) both patients 1
and 3 have positive values. When these conditions hold, the center managing patients 1 and
3 must decide nontrivially whether to reject the organ for patient 1 in order to accept it for
patient 3. The center managing patient 2 rejects the organ whenever x5 < 0, which occurs
with probability F(0); hence, patient 3’s reach probability is F'(0). Therefore, conditional
on xr; > 0 and x3 > 0, patient 1 is bypassed if and only if 27 < F'(0)z3, an event that occurs
with probability Pr(z; < F(0)zs | 21 > 0, z3 > 0).
Consider the density function f(z) for x; parameterized by F'(0):

F(0), x € [—1,0],
1—F(0

f(r) = 2—5”’ xe[%—g,%}or:ce[l—g,l],
0, otherwise.

Conditional on being positive, x; has a 50 percent chance of falling into the lower cluster
(near 1/2) and a 50 percent chance of falling into the higher cluster (near 1). In the limit
e — 0, the probability Pr(z; < F(0)zs | 21 > 0,25 > 0) is:

0 if F(0) <3
L i F(0) =4
T i F(0) > 3.

Strategic delay emerges once F'(0) reaches 1/2; whenever it occurs, it contributes zero to
the priority adherence index because the center managing patients 1 and 3 bypasses its first
positive-valued patient. Accordingly, Figure 7 shows a discontinuous drop in the index at
F(0)=1/2. O

5 Alternative Allocation Rules

5.1 The Priority-Proposal Rule

While the sequential-offer rule remains the dominant allocation rule in practice, alternative
procedures have begun to appear. For example, staff at LiveOn NY, an OPO in New
York, reported that five hours after organ recovery, they invited favored hospitals to each
propose one patient; the organ was then allocated to the highest-priority patient among
those proposed (New York Times, 2025).

Motivated by such practices, we formalize the priority-proposal rule: each center may
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Figure 7: Nonmonotonicity of priority adherence in F'(0). Pool thinning tends to raise the
index as the set of positive-valued patients shrinks, but strategic delay can create nonmono-
tone patterns.

propose one of its own patients, and the organ is allocated to the proposed patient with
the highest priority. The game follows the same timing as in the Timing and information
paragraph of Section 2, except that in step 3 the OPO applies the priority-proposal rule.
Conceptually, this rule is analogous to a first-price auction, but with two key differences:
(i) the “winner” is determined by priority rank rather than bid amount, and (ii) there is no
payment.

Likewise, the sequential-offer rule is analogous to a Dutch (descending-price) auction.
The OPO starts with the highest-priority patient and proceeds sequentially down the list
until a center accepts on behalf of a patient. Here the “clock” runs down the priority list

rather than the price, and again there is no payment.

5.1.1 An Equivalence Result and Connection to Auctions

Mirroring the strategic equivalence between the first-price and Dutch auctions, we establish
a similar equivalence between the priority-proposal and sequential-offer rules. Proposing a
patient under the priority-proposal rule is equivalent to specifying that patient as the first
patient the center would accept under the sequential-offer rule. Hence, for every strategy
in the priority-proposal rule, there is an equivalent strategy in the sequential-offer rule, and

vice versa.

Theorem 5.1. The priority-proposal rule and the sequential-offer rule are strategically equiv-

alent.
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Figure 8 illustrates the strategic and conceptual relationships between two organ alloca-
tion rules (left column) and their auction counterparts (right column). Horizontal arrows
represent conceptual analogies, while vertical arrows indicate strategic equivalence. Our

focus is on the allocation rules, with the auctions serving as familiar benchmarks.

Organ allocation rules Auctions

Priority-proposal rule [« _conceptual counterpart > First-price auction

A A

strategically | equivalent strategically | equivalent

\4 Y

Sequential-offer rule < - conceptual counterpart _ | Dutch auction

Figure 8: Strategic and conceptual relationships among four mechanisms.

To better understand the connection between the priority-proposal rule and the first-
price auction, we compare their type and payoff structures. The same comparison applies
between the sequential-offer rule and the Dutch auction.

In a standard first-price auction, each bidder j has a one-dimensional private value v;
and, if it wins with bid b, earns payoff (v; — b), which is linear in both value and bid.

By contrast, under the priority-proposal rule, each center j has a multi-dimensional
type 0;, consisting of the values of its patients and their positions on the priority list. Al-
though each center j is restricted to proposing only one of its own patients, we can equiva-
lently enlarge the action space to allow proposals of any patient ¢ € {1,...,n}. The payoff
from winning with proposal ¢ is z; if ¢ is affiliated with center j, and —oo otherwise. Under
this representation, the payoff is neither monotone in the “bid” (the priority rank of the
proposed patient) nor monotone in any one-dimensional summary of type ;. These features
make the problem less tractable than standard auctions, which is why we have developed

tools tailored to priority-based systems rather than relying on familiar auction methods.

5.1.2 Practical Considerations and Policy Implications

Theorem 5.1 yields two key implications. First, every equilibrium characterization for the
sequential-offer rule carries over to the priority-proposal rule and vice versa. Second, because
the two rules are outcome-equivalent, choosing between them hinges on practical considera-
tions outside our model.

One major challenge in organ allocation is time: transplants must occur within hours
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after an organ is recovered.® This constraint makes the sequential-offer rule costly: waiting
for a response before sending the next offer can be time-consuming. In response, many OPOs
have already adopted practices to accelerate placement, such as allowing centers to make
tentative decisions for lower-ranked patients (Guan et al., 2025) or using open offers to place
organs out of sequence (Henson et al., 2026). Recent rule changes have exacerbated this time
pressure by broadening organ sharing and requiring OPOs to coordinate with more centers
nationwide, further straining the sequential-offer rule. OPOs have cited these changes to
justify relying more on open offers (New York Times, 2025).

In contrast, the priority-proposal rule invites all centers to submit proposals simultane-
ously, saving the time otherwise spent contacting centers sequentially after rejections.

While the priority-proposal rule may save time, it also introduces an effort cost: a center
may invest effort in identifying a candidate, only to lose the organ to another center that
proposes a higher-priority patient. Even so, the more pressing concern is that out-of-sequence
allocations have risen from 2 percent to 19 percent in recent years, an increase often justified
by time sensitivity. This trend has contributed to growing public distrust in the transplant
system (New York Times, 2025). Given these time and fairness concerns, we recommend

that the priority-proposal rule be seriously considered as a practical alternative.

Remark 2 (Why the Dutch-Auction Analogy Does Not Imply Speed). In some markets for
perishable goods, a Dutch auction can clear sales very quickly.® At the Aalsmeer flower
auction, for example, the price ticks down automatically; the first bidder to press the button
wins, and the sale can conclude in seconds. By contrast, this automated progression is absent
under the sequential-offer rule for deceased-donor organ allocation. Transplant centers can
take up to one hour to decide whether to accept an offer; if they decline (or the clock
runs out), the OPO must actively advance the offer to the next patient (Mankowski et al.,
2019; Committee on Organ Procurement and Transplantation Policy, 2000). The OPO
therefore contacts centers one by one and waits for each response. This difference—automatic
progression versus response-dependent advancement—explains why the sequential-offer rule

is slow despite its conceptual analogy to a Dutch auction.

5.2 Mechanism Design Approach

There are many other possible mechanisms for organ allocation to consider. We have argued
that the priority-proposal rule is analogous to a first-price auction. One natural analog of a

second-price auction works as follows: (i) each center may propose one of its own patients;

5Preservation times vary by organ type: kidneys can typically be transplanted within 36 hours, the liver,
pancreas, and intestinal organs within 12 hours, and hearts and lungs within 6 hours (Health Resources and
Services Administration, 2025).

SWe thank Curtis Taylor for raising this point.
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(ii) the organ goes to the center whose proposed patient has the highest priority among all
proposed patients; (iii) that center may then allocate the organ to any of its patients, provided
the chosen patient’s priority exceeds the second-highest priority among those proposed. Just
as bidding one’s true value is weakly dominant in a second-price auction, each center’s weakly
dominant strategy here is to propose its highest-priority patient with a positive match value.

This mechanism, however, raises a practical concern. When a winning center allocates
the organ to a patient other than the one it proposed, the proposed patient is documented as
viable but passed over in favor of a lower-priority patient. This paper trail may exacerbate
ongoing public concerns about the fairness of the allocation system. The priority-proposal
rule, by contrast, avoids this problem: the winning center must allocate the organ to the
patient it proposed.

The discussion above and Section 5.1.2 together highlight various practical considerations
in designing the organ allocation rule. Nevertheless, to understand the theoretical limits of
what can be achieved by any mechanism, we now abstract from these concerns and formulate
the mechanism design problem. A key question is whether the priority-proposal rule or,
equivalently, the sequential-offer rule, lies on the frontier of implementable combinations of
the priority adherence index and expected allocation value. We show in Example 4 that it
need not: there is room to improve both objectives simultaneously.

One basic reason is that both rules allow centers to communicate only coarse information
to the designer. Under the priority-proposal rule, each center proposes a single patient; under
the sequential-offer rule, a center simply accepts or rejects when one of its patients is offered
the organ. In contrast, a general mechanism elicits full private information from each center,
which can enable the designer to simultaneously improve priority adherence and expected
allocation value. Our framework provides a foundation for characterizing this frontier, and
for exploring practical modifications to the current rule that improve both objectives. We

leave both tasks for future research.

5.2.1 Mechanism Setup and Example

The designer’s problem arises because they do not observe the match value of each patient.
Instead, only patient i’s center, denoted by c(i), observes that patient’s match value. The
affiliation map ¢, however, is known to the designer. A mechanism is a family of maps
p = {pc}e. For each realized ¢, the map p. : [—1,1]" — A" assigns to each profile of reported

values, (#1,...,2,), an allocation probability vector:

Pc(l‘lp ce 7i'n) - (pla cee apnupn-f—l)'
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Here, p; is the probability that patient ¢ € {1,...,n} receives the organ; p,. is the proba-
bility of discarding the organ; and Z?ill p; = 1. The game follows the same timing as in the
Timing and information paragraph of Section 2, except that in step 3, each center j reports
the match values of its affiliated patients to the designer, and the map p. is implemented.
The following example uses this setup to show that the priority-proposal rule need not

lie on the implementable frontier.

Example 4. Consider a setting with n = 3 patients and &k = 2 centers. The match value
x; is 1 with probability 1/4, 1/3 with probability 1/4, and —K with probability 1/2, where
K > 0 is large.”® The realized affiliation map is ¢ = (1,2, 1), so center 1 has patients 1 and
3, and center 2 has patient 2.

We first compute the priority adherence index and expected allocation value under the
priority-proposal rule. Center 2 proposes patient 2 if x5 > 0 and proposes no patient if x5 < 0.
Center 1 proposes its highest-priority patient with a positive match value, except when x; =
1/3 and z3 = 1. In that case, center 1 proposes patient 3, since with probability 1/2 center 2
proposes no patient and so patient 3 receives the organ. The event {z; = 1/3, x3 = 1} occurs
with probability 1/16. Since the organ is allocated with total probability 1 — 1/8 = 7/8, the

priority adherence index is
7/8 —1/16 13
7/8 14

The organ goes to the highest-priority patient with a positive match value except when

~ (0.929.

x1 = 1/3 and z3 = 1; in that case, it goes to patient 2 if x5 > 0, and to patient 3 otherwise.
The expected allocation value is
59

— ~ 0.702.
84

In the case x; = 1/3 and z3 = 1, incentive compatibility places a lower bound on the
probability assigned to patient 3. To see this, suppose the mechanism assigns probability ps3
to patient 3 and probability 1 — p3 to patient 1. If center 1 reports truthfully, its expected
payoff is

1
p3-1+(1—p3)-§.

If center 1 misreports x; as negative, patient 3 receives the organ with probability 1/2,

"For large K, we can ignore the incentive-compatibility constraints that prevent a center from misre-
porting a negative match value as positive; such misreporting can be deterred by allocating the organ to any
reported positive-valued patient with a probability that converges to zero as K — co. These constraints are
also nonbinding under the sequential-offer and priority-proposal rules.

8While the match values here fall outside the [—1, 1] interval assumed in the general model, this specific
support is chosen purely to simplify the exposition of the example. Because the strategic incentives are
invariant to affine transformations, all payoffs can be rescaled to fit the original [—1,1] domain without
altering any qualitative results.
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yielding an expected payoff of 1/2. Thus, truthful reporting requires

Y

N | —

1
p3-1+(1—p3)-§>

which gives ps > 1/4.
The index-maximizing mechanism therefore sets p3 = 1/4 when z; = 1/3 and 23 = 1,

allocating the organ to patient 1 with probability 3/4 and to patient 3 with probability 1/4:
pe(1/3,29,1) = (3/4,0,1/4,0),

where the coordinates are ordered as (pi,po,ps,ps4), With py denoting the probability of
discarding the organ.® By the preceding incentive-compatibility calculation, center 1 has no

incentive to misreport. The resulting priority adherence index and expected allocation value

55 19
( ) ~ (0.982, 0.679).

are
567 28

More generally, any ps € [1/4, 1] yields an incentive-compatible mechanism, with priority

adherence index and expected allocation value given by:

14 — D3 14—|—p3
14 7 21 '

We refer to these mechanisms as wvariants of the index-mazximizing mechanism, which are

depicted by the blue line in Figure 9. As ps increases from 1/4 to 1, the combination moves

from 55 57
2228 ~ (0.982, 0.679
(56’ 84) (0982, )
to 13 5
(ﬁ’ ?) ~ (0.929, 0.714),

covering a range of combinations that improve on the priority-proposal rule with respect to

both the priority adherence index and expected allocation value.
O

9This index-maximizing mechanism resembles the optimal mechanism in the multiproject environment
of Guo and Shmaya (2023), where the agent can hide projects. For the agent to be incentivized to propose all
projects, he must receive the maximal payoff from proposing each project alone. Similarly here, center 1 can
report either patient as having a negative value. To incentivize center 1 to report both patients as positive,
it must be given the maximal payoff from proposing each patient as positive alone.
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Figure 9: The priority-proposal rule is not on the implementable frontier.

6 Related Empirical Evidence

Our theory is motivated by empirical patterns documented in economic and medical studies,
investigative reports, and news articles, and it provides a unified framework for interpreting
these patterns.

To start with, evidence has suggested that transplant centers indeed have the incentive
and discretion to optimize organ allocation internally. The first type of empirical evidence is
through local monopoly centers. King et al. (2023) focus on eleven geographically isolated
kidney transplant centers, and find that 68 percent of organs to these centers are not accepted
by patients with the highest priority. This pattern cannot be fully explained by organ
incompatibility (z; < 0 in our model). Even among the highest-quality kidneys, only 44
percent were accepted by the highest-ranked patients; the authors believe this demonstrates
that “transplant centers often overlook higher allocation priority candidates to place organs
with the ‘right’ recipient” (King et al., 2023, p. 9). The authors also note that these local
monopoly centers have “full discretion to decline offers for higher-priority candidates and
accept them for lower-ranked candidates at their center” (King et al., 2023, p. 1). This
underscores a key premise of our model: centers need not mechanically follow the priority
ranking. Our Figure 3 speaks to monopoly markets and shows that such a market structure
would indeed generate a low priority adherence index.

The second type of evidence on centers’ incentives and discretion is from allocation out-
of-sequence (AOOS). Local Organ Procurement Organizations (OPOs), which send organ
offers, can sometimes bypass the priority ranking by making an offer to a selected center,
which may then choose any of its patients to receive the organ. When AOOS happens, the
preferred center effectively gets its patient batches connected and becomes a monopoly that
can freely allocate the organ without the risk of losing it to rivals. Numerous studies have

suggested that many high-priority patients are skipped in AOOS, and the organ is placed
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with a lower-ranked patient (e.g., Benkert et al., 2025; Liyanage et al., 2025; Henson et al.,
2026), even though some high-priority patients may find the organ desirable (New York
Times, 2025). In fact, the phenomenon of desirable offers being skipped is not restricted
to monopoly markets or AOOS. Husain et al. (2019, p. 1) study a general set of kidney
transplants and find that “a large number of deceased donor kidney offers are received by
candidates but are declined on their behalf, resulting in what appears to be many missed
opportunities for a transplant before death or removal from the waiting list.”

There is also empirical evidence that speaks directly to the intensity of competition.
Proposition 4.1 states that the expected allocation value decreases with the number of centers
in the market. Using data from the national deceased liver transplant registry, Halldorson
et al. (2013) find that, compared with donation service areas (DSAs) without competition
(i.e., monopoly markets), DSAs with competition performed transplantation for patients with
(1) a higher risk of graft failure or death and (ii) greater urgency, who are often ranked higher
on the priority list. Moreover, these differences get larger as the competition (measured by
center-level HHI) intensifies.

Multiple other studies have also found similar associations between higher local-market
center density and worse transplant outcomes (Adler et al., 2014, 2015, 2016). This obser-
vation is consistent with our theory. Although deceased organs are sometimes offered to
patients in other markets, the ranked list prioritizes patients in the local market for their ge-
ographical proximity, and thus the degree of competition for each organ is largely determined
by the number of rival centers in the local market. Our model provides a theoretical ex-
planation for this cross-sectional difference in allocation value through the batch-shortening
effect, since competition fragments the ranked list across different transplant centers and
makes it harder for centers to optimize organ allocation internally.

Finally, our proposed alternative mechanism, the priority-proposal rule, is also heavily
evidence-based. First, this mechanism is already being tested in some local markets as a
form of AOOS. New York Times (2025) reports that one OPO, LiveOn NY, invites a few
preferred centers to propose their highest-ranked patient on the list for whom they would
accept the organ, and the organ is then given to the highest-priority patient among those
proposed. Second, broader adoption of such a mechanism has been suggested by researchers
and practitioners. Henson et al. (2026) emphasize the importance of time constraints in organ
placement and suggest that the priority-proposal rule may expedite the allocation process and
potentially reduce the need for AOOS, a phenomenon that has generated significant public
concern about the fairness and transparency of the system. Our paper directly answers their
call for further study of the “logistical details, theoretical implications, and empirical effects

of such mechanisms on allocation efficiency and fairness” (Henson et al., 2026, p. 1453). Our
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framework makes this comparison exact: the priority-proposal rule is strategically equivalent
to the sequential-offer rule, and therefore preserves both priority adherence and allocation

value while speeding up organ placement.

7 Conclusion

We develop a canonical model of organ allocation with informed intermediaries. In the
U.S. transplant system, centers possess information about their patients and accept organ
offers on their behalf. This delegation is a practical necessity. A centralized planner cannot
observe, maintain, and process all clinically relevant information in real time. Transplant
centers therefore play an essential role in using information that the allocation system itself
does not fully possess.

At the same time, delegation creates a wedge between formal and real allocation. Centers
are not simply implementing the priority ranking mechanically; they are making decisions
for a portfolio of patients, based on their own clinical information, institutional objectives,
and performance incentives. As a result, a center may bypass a higher-priority patient in
order to place the organ with another patient with a higher allocation value. Such behavior
need not reflect an attempt to game the system. It can instead be understood as centers
doing the best they can for their own patients under the incentives and information structure
they face.

Our analysis provides a framework for studying the consequences of this delegation.
We introduce the priority adherence index to measure the wedge between formal and real
allocation, and use it together with expected allocation value to quantify the tradeoff between
priority adherence and allocation value. The model identifies three forces—pool thinning,
batch shortening, and strategic delay—which explain how market structure, organ selectivity,
and allocation procedures shape both the extent to which priority is followed and the value
generated by the final allocation.

The broader lesson is that imperfect priority adherence should be interpreted as an
allocation-design tradeoff rather than as evidence of misconduct by transplant centers. Cen-
ter discretion can improve the use of private information, but it can also weaken adherence to
the formal priority order. The policy challenge is therefore not to eliminate center discretion,
but to design allocation rules that better channel this discretion toward system-wide objec-
tives. Our analysis of the priority-proposal rule illustrates this approach: the rule preserves
the same priority adherence and allocation value as the current sequential-offer rule while
substantially speeding up organ placement.

Several important extensions remain. Future work could incorporate OPO incentives

more explicitly, following Chan and Roth (2024), and study how data infrastructure, perfor-
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mance regulation, and alternative allocation procedures interact. More broadly, our frame-
work can be used to evaluate ongoing reforms in the transplant system by asking not only
whether they improve priority adherence or allocation value in isolation, but also how they
balance the information benefits of delegation against the fairness and transparency con-
cerns that delegation inevitably creates. Our mechanism-design analysis suggests promising
opportunities to improve both objectives. Realizing these opportunities will require fur-
ther theoretical exploration, richer data infrastructure, and continued collaboration between

academics and policymakers.
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A  Proofs for Section 3

Proof of Proposition 3.1. We first derive a different expression for the priority adherence
index by summing over all 7 € {1,...,n} such that i is both the first positive-valued patient
and the highest-valued patient, and dividing this sum by the probability that the organ is

allocated. We also explicitly write the index as a function of F'(0) and n:

Z?:l Pr[ipos - 7/ and imax = Z]

Index(F(0),n) = Prlipos = imax < 1| T4, > 0] =

Pr[l‘imax > 0]
n Z n i n  F0)—1—-F0)"™
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Taking the partial derivative of Index(F(0),n) with respect to F'(0), we obtain that

dlndex(F(0),n) z”: (i — 1D)F(0) + F(0)" (F(0)/(—i +n+1) — F(0)n)
IF(0) 2(F(0)" —1)* (=i +n+1)
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It is readily verified that limpgy—1 g(F(0),n,i) = 0. The partial derivative of g(F(0),n,1)
with respect to F'(0) is

)
g<F(0)>n>i> = (O)i_l

0g(F(0),n,1)

Sr = (L= FO) POy

which equals zero if i = 1, and strictly negative for i > 2. Hence, g(F(0),n,i) =0if i = 1,
and strictly positive for ¢ > 2. This implies that (6) is strictly positive, so Index(F'(0),n)
strictly increases in F'(0).

We next show that Index(F'(0),n) strictly decreases in n. Let p = F(0) and j = n—i+1.

When ¢ goes from 1 to n, j goes from n to 1. So:

n i—1 n

nj_ n ]__p]
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Thus,

T B j n n j
p 1—p p 1—p
Index(p,n + 1) — Index(p,n) = — — —
1—19”“% iy 1—p"; Jp’
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Hence, Index(p,n + 1) — Index(p,n) < 0 is equivalent to:
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It is readily verified that lim, ,; H(p) = 0, so in order to show that H(p) > 0 for p € (0, 1)
we only need to show that H'(p) < 0 for p € (0,1):

n

oo i n(l=p) (1 —p?t) —p(1—p")°
H (p) = ;(—p ) + (n T 1)(1 — p)2pn+1

(A =pH[A+n(1—p)p"—1]
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(n+1)(1 —p)>p*
<~ 1—-(14+n(l—p)p">0
1_pn>np” — nzlpi>np”
1-p i=0 .

This last inequality is true since p* > p" for any i € {0,1,....n — 1}, p € (0,1), and n > 2.
The limiting results limpy_o Index(#(0),n) = 1/n and limpg)—1 Index(F(0),n) = 1
follow directly from the expression of Index(F'(0),n). O

B Proofs for Section 4

Proof of Theorem 4.1. We first show that the characterization indeed constitutes an equi-
librium, and then prove its uniqueness.

Suppose the affiliation ¢ induces a total of z batches, with batch sizes ny,ng,...,n, > 1,
ordered from earliest to latest, such that ijl n; = n. We begin with the last batch of

patients, managed by center ¢(n).

1. When the game reaches history h,, center ¢(n) strictly prefers to accept rather than
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reject, since acceptance yields a payoff of x,, > 0, while rejection yields zero.

2. If the last batch contains only one patient (i.e., n, = 1), the analysis for the last batch is
complete. Otherwise, suppose the last batch contains multiple patients. Consider the
game at h,_i. If center ¢(n) accepts, it receives x,_1; if it rejects, the game proceeds
to hy, in which case it receives z,,. Thus, ¢(n) prefers to accept if z,_1 > x,, and to

reject otherwise.

3. This logic extends recursively. Suppose the game reaches h; for some i in the last
batch. If ¢(n) accepts, it receives x;; if it rejects, the game continues and yields a
payoff of max;i<4<,z, to center c(n). Therefore, center c(n) prefers to accept if

T; = MaX;+1<9<n Tg, and to reject otherwise.

This completes the analysis of the last batch: center ¢(n) accepts for patient i if x; is the
highest value among those weakly after ¢ within the last batch; otherwise, it rejects.

Next, consider the second-to-last batch. When the game reaches hz?{—ll nj—the last pa-
iz

tient in that batch—center ¢ <Zj;i nj) strictly prefers to accept, since Tye-iy, > 0, and
rejecting passes the organ to a different center, which will accept it for one of its own pa-

tients—resulting in a payoff of zero for center c <Zj: nj). By the same logic as in the

last batch, center ¢ (Zj;i nj> accepts for patient ¢ from the second-to-last batch if z; is the
highest value among those weakly after ¢ within that batch; otherwise, it rejects.
Repeating this argument for each of the earlier batches completes the argument that the
characterization is an equilibrium.
We next prove uniqueness using an induction argument.!'® We show that for any n =
1,2, ..., the characterization describes the unique equilibrium. The claim obviously holds
for n = 1. Suppose it holds for n = m > 1; we now show that it also holds for n = m + 1.

We divide into two cases depending on whether patients 1 and 2 belong to the same center.

1. Patient 1 belongs to a different center from patient 2. Then ¢(1) will accept for patient
1. Accepting gives ¢(1) a payoff of x;, while rejecting passes the organ to ¢(2). With
m patients remaining, the unique outcome is that the organ never circles back to ¢(1)

by the induction hypothesis.

2. Patient 1 belongs to the same center as patient 2. Suppose the first batch includes
patients 1 through g > 2. If ¢(1) accepts for patient 1, its payoff is ;. If ¢(1) rejects

for patient 1, then with m patients remaining, the unique outcome is that ¢(1) receives

10We thank Attila Ambrus for suggesting this argument.
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a payoff of maxoc;<, ;. Thus, ¢(1) prefers to accept for patient 1 if and only if

T 2 max ¥,
2<i<g

which yields the same characterization of behavior as in our theorem.

Hence, the characterization is the unique equilibrium for n = m + 1.

Proof of Proposition 4.1. Substituting s; = 1/k into (2), we obtain

n) n—1 _1 k,m kl—n

3 k‘l’—‘

Z n
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n—1 (l)erl (
Index(k,n, s) (Z k

We next show that the right-hand side strictly increases in k for £ € R with £ > 1. Let

n—1
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n

m=1

Then
&S ET (m(A = k) 4 k) (n - D)k
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m=1

Separate the m = 1 term:

1 =k (m(1 — k) + k) C(n— 1k

H'(k) = —
(k) k? + —~ m n
Bound the remaining terms:
1 1
~— k™ (m(1 - k) +k ~— kT (m(1 -k
(m(1 —k) +F) >3 (ml-k+0) ., 1
m m k.Q
m=2 m=2
Therefore,
1 _ I (n=01Fk" k™
H(k) > - +k"—— — = > 0
(k) k2 * k? n n

Hence, under uniform market shares s; = 1/k, the index is strictly increasing in & for & > 1
Finally, the limiting result lim_,,, Index = 1 holds because, as k — 00, all the terms except
(k — 1)/k converge to zero.

Substituting s; = 1/k into (3), and letting x(m) denote the expected maximum of m

draws and V' (k) the expected allocation value as a function of k, we can write this expected
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value as:

m=1 m=1
Then, the derivative V'(k) is given by:

n—1
V/(k) =Y k" (k +m — km)z(m) + k(1 = n)a(n).
m=1
The inequality £ +m — km < 0 is true for all integers k£ > 2 and m > 2 and strictly so if

either £ > 2 or m > 2. Also, x(m) is increasing in m. We thus have the following inequality:

V'(k) < "i E(k +m — km)x(1) + k(1 —n)z(1)

m=1

( E~V"(k+m —km) + k- (1—n)>x(1):0.

Hence, the expected value V (k) decreases in k. The limiting result limy_,o V(k) = 2(1)
holds because, as k — oo, all the terms except (1 — 1/k)x(1) converge to zero. O

Proof of Theorem 4.2. By the strategic equivalence between the priority-proposal rule
and the sequential-offer rule (established in Theorem 5.1), we first characterize the Bayesian
Nash Equilibrium for the priority-proposal rule. Fix affiliation c¢. Let «; be the probability
that center ¢(7) proposes patient i. Then, from center ¢(i)’s perspective, the probability that

the rival center proposes a patient before patient 7 is:

E Q.

' <i,c(i")F#c()

Define 6; :=1-3, <ive(ityeli) O Hence, center ¢(i)’s expected payoff from proposing patient
i is d;x;. Center c(i) proposes patient i if and only if x; > 0 and d;x; > dyx;y for all ¢/ with

c(i") = ¢(i). This pins down «; to be:
a; = Pr[z; > 0 and d;z; > dpxy Vi’ with ¢(i') = c(i)].

This completes the characterization of the BNE for the priority-proposal rule.

For the sequential-offer rule, we specify a center’s choice at every decision history. When
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the offer reaches patient i, center ¢(i) accepts patient ¢ if z; > 0 and

i<l <t (i) (i) Y . o , ,
T > (1 — 2ici< ’5( a0 > x, for all " > i with ¢(i") = ¢(i).

Substituting §; =1 -3, _, e(it)e(iy Qi ItO this expression yields:

0ix; = | 0 — Z ay | i = Sy, for all 7 > i with ¢(i") = ¢(4).
1<e! <" e (1) F#c(i)

This completes the proof. O

C Proofs for Section 5

Proof of Theorem 5.1. Under the priority-proposal rule, center j with type 6; = {(i, x;) :
i € I;} simultaneously proposes a patient from the action space I; U {0}, where () indi-
cates that center j proposes no patient. Given the proposal profile (by, ..., bx), the organ is
allocated to the proposed patient with the highest priority.

Under the sequential-offer rule, a pure strategy for center j specifies whether to accept or
reject at each decision history h € H;(6;). However, we can partition center j’s strategy space
into outcome-equivalent classes based on which patient in I; U is the first for whom center
J accepts. Each such equivalence class can be represented by a single element p; € I; U {0},
where p; is the first patient that center j would accept, and () represents the strategy of
rejecting for all patients. Given the first-patient-to-accept profile (py,...,px), the organ is
allocated to the patient with the highest priority among (p1, ..., px).

Therefore, both rules have identical reduced-form strategy spaces: each center j effec-
tively chooses an element from I; U {0}.

Given any strategy profile (si,. .., s;) where s; € I; U {0}, both rules allocate the organ
to the patient with highest priority among (sq,. .., sg). Since payoffs depend only on which
patient receives the organ, both rules induce identical payoff functions over strategy profiles.

Since the two rules have identical strategy spaces and identical payoff functions over

strategy profiles, they are strategically equivalent. O]

D Equilibrium for Selective Organs and £ > 2 Centers

Theorem D.1. Assume F'(0) € (0,1) and k > 2. Let w(c) be the probability of the affiliation
map c. For each center j € {1,...,k} and each nonempty set of its affiliated patients
L C{1,...,n}, let C(4,1;) := {c: ¢ (j) = I;} be the set of affiliation maps consistent with
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center j having exactly the patients in I;. Furthermore, for each i € I;, let a;(7,1;) be the
probability that center j makes its first acceptance at patient i, and 6;(j, ;) the probability
that j7’s rival centers reject the organ for all their patients who precede i. An equilibrium

consists of a profile {cu(j, 1;), 6:(J, Ij)}idj for each valid pair (j,1;), such that:

1
0

i'i, i€
Zcec(j,f-) w(c> 1 Zi’<i, c(i")#j Qey C(i/)7 c 1(C<i/))
J
ZCGC(j,Ij) w(c> .

For a realized type 0; = {(i,x;) : i € I;}, center j accepts for patient i € I; if x; > 0 and
0i(4, L)z = 6i(4, L)y for all i’ > i with i’ € I;, and rejects otherwise.

When k = 2, center j’s patient set I; determines the entire affiliation map: all patients
outside /; must be affiliated with the other center. Thus C(j, ;) is a singleton, and the
theorem reduces to Theorem 4.2.

The proof follows the same logic as the proof of Theorem 4.2, given in Appendix B. The
only additional step is that, when k£ > 2, center j’s patient set /; no longer pins down a unique
affiliation map. Hence, in computing the reach probability J;(j, [;), center j must average
over all affiliation maps ¢ € C(j, 1;), weighted by their conditional probabilities. Apart from
this averaging over consistent affiliation maps, the equilibrium argument is identical to the

two-center case. We therefore omit the proof.
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